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ABSTRACT
Traffic crashes are a major cause of concern globally. Extensive efforts from transportation
professionals have been made to investigate new methods to identify the contributing factors to
crashes at various locations on the road network. Corridors, among other road network’s
components, play a vital role in moving people and goods between primary zones in different
areas, and the safety and operational improvements of them have been the focus of many studies
since they carry the most traffic on the road network. Corridors contain mainly intersections and
segments, and previous corridor studies have focused on a sole type of road entity. Having both
components while analyzing corridors in addition to corridor-level variables in a hierarchical joint
model framework would provide a comprehensive understanding of the existing safety problems
along corridors. Therefore, this research aims to provide a complete understanding of the
contributing factors to crashes at intersections and segments along corridors. In addition, it
explores the associated crash risk factors with crash counts of different types and severity levels.
The results reveal that accounting for the variations in traffic volumes and roadway characteristics,
by estimating the model with random parameters, across corridors improved the model’s
performance. Also, the results confirm the importance of accounting for the spatial autocorrelation
between road entities along the same corridor, and the adjacency-based first-order neighboring
structure provides the best fit for the data among the other neighboring structures. Furthermore, it
was found that the significant variables and their magnitudes are different across crash types and
severity levels. Also, road designers and engineers should carefully identify the optimal number
and location of driveways, median openings, and access points within the influence area of
intersections since they significantly affect crashes along corridors. Lastly, this research suggests
and justifies considering the proposed hierarchical joint model for future corridor studies
iii
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CHAPTER ONE: INTRODUCTION
1.1 Background
Traffic crashes are a major cause of concern globally. According to the World Health Organization
(WHO), road traffic crashes led to more than 1.2 million deaths around the world in 2013 and is
the leading cause of death among young people (WHO, 2017). According to the National Highway
Traffic Safety Administration (NHTSA), traffic related deaths in the U.S. increased in 2015 by
7.2% compared to 2014, and, surprisingly, this percent is considered the largest year-to-year
increase over the last 50 years. From 2014 to 2015, Florida had the largest increase in the number
of fatalities across the United States (+445 more fatalities) (NHTSA, 2016). In addition, Florida
and California had the largest increase in the number of fatalities between 2015 and 2016 (+236
more fatalities each) (NHTSA, 2017).

Extensive efforts from transportation professionals have been made to investigate new ways and
methods that would lead to a reduction in the number of fatalities and crashes in general. The most
effective way to improve traffic safety is to identify the causes of crashes. Researchers have
employed many approaches to establish the relationship between crash occurrence and location
characteristics (traffic characteristics, geometric design characteristics, traffic control features,
etc.). Count and crash severity models are the main approaches to establish the relationship
between the crash occurrence and the contributing factors to crashes. Crash count models (crash
frequencies in a certain period) relate crash frequencies with the geometry and traffic related
explanatory variables at the location of interest (for example, roadway segments, intersections,

1

interchanges, expressways, and freeways). Crash severity models analyze how the driver, location,
vehicle, crash characteristics, and environment affect the crash severity levels.

Researchers have analyzed the estimated crash models by studying the factors that significantly
affect the number, or severity, of crashes at the targeted road entity (commonly intersections or
roadway segments). Each road entity type has unique geometric characteristics; thus, they have
different contributing crash risk factors. These contributing factors in crash frequency models
include many variables, such as traffic information, geometric design characteristics, traffic
control and operation features, and crash information. Knowing the significant crash risk factors
helps the decision makers to provide effective countermeasures to the targeted road entity.

Intersections are considered among the most dangerous locations on a roadway network since they
result in a huge cost and place large burdens on society. Intersections and intersection-related
crashes (at or within 250 feet of intersections midpoint) account for more than 20% of fatal crashes
and more than 50% of fatal and injury crashes. In 2014, intersection and intersection-related fatal
crashes in the U.S. were 12,530, which represent about 28% of fatal traffic crashes. In the same
year, the percentage of fatal and injury crashes influenced by intersections was about 50%. Around
30% of intersection fatalities happened at signalized intersections, even though signalized
intersections represent about 10% of all intersections (Rice, 2007). Crashes at signalized
intersections are complicated events since most of the crash types may occur at this type of
location, and each crash type has different occurring mechanisms than the other crash types.
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An important point in analyzing intersections is that intersections along the same corridor are likely
to influence each other especially if the distance between them is not large. Thus, dealing with
intersections as isolated entities without looking at the distance between them is questionable
unless the distance between the intersections is very large, then we can assume that the influence
between them is negligible. According to a report by Federal Highway Administration (Rodegerdts
et al, 2004), if the distance between the signals along a certain corridor is 0.5 mile or less, those
signals would be coordinated in most situations. Also, at a specific corridor, the signalized
intersections will probably share similar traffic volume, roadway characteristics, and type of land
use. As a result, there is a high probability of spatial correlation presence among the intersections
on the same corridor when the distance between the intersections is not large. Thus, taking into
consideration the spatial correlation effects is suggested. As a result, an advanced statistical model
is required to handle the spatial correlation issue instead of estimating a traditional statistical
model.

Also, researchers have identified several issues with the crash data over the years, and these issues
may lead to inaccurate model parameters and/or incorrect statistical inferences. Thus, researchers
have explored more advanced statistical models to estimate accurate model parameters, which
would help in understanding the significant contributing factors to crashes and thus, will help to
provide appropriate countermeasures to the roadway to enhance traffic safety.

Corridors play a vital role in moving people and goods between primary zones in different areas,
and they contain complex and noncomplex locations; the most complex locations along corridors
are intersections that are often controlled by traffic signals as these points present the greatest
3

safety hazards. Analyzing signalized intersections along corridors is important since they play a
prominent role in the safety and efficiency of the corridors; however, taking into consideration the
roadway segments is also important for better understanding of the existing corridor problems.
Previous corridor safety studies have focused on either intersections or roadway segments.
Therefore, the objective of this research is to provide a complete understanding of the contributing
factors to crashes at intersections and roadway segments along corridors and to examine different
advanced statistical modeling on the proposed data structure.

1.2 Research Objectives
This research focuses on enhancing traffic safety along corridors by estimating advanced statistical
models to explore the contributing factors to crashes at intersections and roadway segments along
corridors. Therefore, effective countermeasures can be suggested for any observed safety
deficiency. The following are the specific objectives of this research:

1-

Providing a complete understanding of the contributing factors to crashes at roadway
segments and intersections simultaneously along corridors;

2-

Exploring the effects of different spatial weight features on the proposed hierarchical
joint model;

3-

Identifying the associated crash risk factors with crash counts of different types at
roadway segments and intersections simultaneously along corridors and;

4-

Predicting crash counts by severity level at roadway segments and intersections
simultaneously along corridors.
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The first objective of this research is to provide a complete understanding of the contributing
factors to crashes at roadway segments and intersections simultaneously along corridors, and it has
been achieved by the following tasks:

a)

Collecting intersections and roadway segments’ data along certain corridors. The
collected data include traffic volumes, detailed roadway characteristics, and crash
information;

b)

Developing multiple hierarchical joint models considering the effect of the variations in
the roadway characteristics and traffic volume across corridors (Chapter 3), and;

c)

Examining the effect of dividing corridors into sub-corridors with similar traffic volume
and roadway characteristics (Chapter 3).

The second objective is to examine the effects of different neighboring structures on the suggested
hierarchical joint structure of the data, and it has been achieved by the following tasks:

d) Developing different weight matrices based on four types of conceptualization of spatial
relationships (Chapter 4), and;
e) Exploring the effect of the different neighboring structures on the performance of the
hierarchical joint model (Chapter 4).

The third objective is to identify the associated crash risk factors with crash counts of different
types at roadway segments and intersections simultaneously along corridors, and this objective has
been accomplished by the following tasks:
5

f) Estimating univariate hierarchical spatial joint model for predicting crash counts of
different types (Chapter 5);
g) Estimating multivariate hierarchical spatial joint model for predicting crash counts of
different types (Chapter 5), and;
h) Evaluating the correlations of crash frequencies by different crash types (Chapter 5).

Lastly, the fourth objective is to predict crash counts by severity levels at roadway segments and
intersections along corridors, and it has been achieved by the following tasks:
i) Estimating univariate hierarchical spatial joint model for predicting crash counts of
different severity levels (Chapter 6);
j) Estimating multivariate hierarchical spatial joint model for predicting crash counts of
different severity levels (Chapter 6), and;
k) Evaluating the correlations of crash frequencies by different severity levels (Chapter 6).

1.3 Organization of Dissertation
This research consists of seven chapters that are organized as follows: Chapter 2 provides a
comprehensive literature review of previous studies and their findings in terms of corridors,
intersections, and roadway segments. It also contains an overview of the statistical methodologies
that have been used in related traffic safety studies. Chapter 3 provides an overview of the
contributing factors to crashes at intersections and roadway segments simultaneously along
corridors using models with random effects and parameters. Chapter 4 explores the effect of
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different neighboring structures on the proposed structure of the data. Chapter 5 presents univariate
and multivariate hierarchical spatial joint models for predicting crash counts by crash type at
intersections and roadway segments along corridors. Chapter 6 shows univariate and multivariate
hierarchical spatial joint models for predicting crash counts by severity levels at intersections and
roadway segments along corridors. Lastly, Chapter 7 summarizes the overall research and provides
a set of recommendations.
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CHAPTER TWO: LITERATURE REVIEW
2.1 Introduction
Researchers have employed several approaches to identify the relationship between crash
occurrence and the contributing factors, including multiple linear regression (MLR) models,
Poisson regression models, and Negative Binomial (NB) regression models. Scholars have
highlighted many limitations in the MLR models, such as the inability to provide statistical
inferences about the crash occurrence and the existence of undesirable statistical properties
(Jovanis and Chang, 1986; Zegeer et al., 1990; Miaou and Lum, 1993). In addition, the problems
with using the simple Poisson regression model for crash data was also addressed. Several studies
found the crash data to be over-dispersed and beyond the Poisson’s assumption that the mean is
equal to the variance (Miaou, 1994; Shankar et al., 1995; Vogt and Bared, 1998). Violating this
assumption results in bias estimation of the likelihood of crashes (Chin and Quddus, 2003).
Researchers, then, have applied the NB model to overcome the over-dispersion problem by
introducing a stochastic component to relax the condition of the mean equal to the variance
(Shankar et al., 1995; Kulmala, 1995; Poch and Mannering, 1996; Abdel-Aty and Radwan, 2000).

However, due to temporal and spatial effects of the data, the NB model is unable to take into
consideration some unobserved heterogeneities. To avoid this problem, which would result in an
underestimated standard error in the regression coefficients, it is recommended to treat the crash
data in a time-series cross-sectional panel with different time periods and sites as stated by
Hausman et al. (1984). Shankar et al. (1998) showed that the random effect negative binomial
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(RENB) model helped to improve the crash model due to the fact that traffic and geometric
variables are likely to have location-specific effects. Recently, several researchers have used the
hierarchical model to estimate suitable crash prediction models (Chin and Quddus, 2003; MacNab,
2003; Huang et al., 2008; Huang and Chin, 2010).

To sum up, scholars have explored advanced statistical and econometric models, which have
attempted to address the limitations of the current models (for example, over-dispersed data,
unobserved heterogeneity, low sample size, omitted variable bias, and interdependence outcomes)
with the crash data to enhance the statistical validity of the findings. A review of the data issues
and the methodological alternatives has been conducted in previous studies (Lord and Mannering,
2010; Mannering and Bhat, 2014).

The following sections provide a detailed literature review of the previous intersection, roadway
segments, and corridors’ studies. Each section discusses several critical issues, which are the
statistical models and the data type that have been used in the study. Also, identifying which factors
are significantly contributing to crashes at the targeted road entity. In addition, the major findings
of each study and its consistency with the previous studies have been addressed. Lastly, a
discussion of the model forms that are suggested in this research are addressed.

2.2 Intersection Safety
Signalized intersections are considered as complex locations, and their safety and operational
improvements are important for the safety of corridors. The enhancement of traffic safety at
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signalized intersections could be achieved by identifying and analyzing the contributing factors to
crashes at those locations and then implementing effective countermeasures for the existing
problems. Intersection safety studies aim, in most cases, to identify the factors associated with high
crash risk at intersections. The crash risk factors may include geometric design features, traffic
control, traffic flow characteristics, and crash characteristics.

This section aims to explore the intersection related studies and the statistical models that have
been used through the years to identify the contributing factors to crashes at intersections. Also, a
detailed review of the previous findings in terms of contributing factors to crashes at intersections
is also provided in order to help us with the needed information to conduct this study. Lastly, the
effect of the contributing factors has been investigated for a better understanding of the previous
studies.

2.2.1 Previous Studies
Researchers have employed different approaches to identify the significant factors contributing to
crashes at signalized intersections. Crash frequencies at intersections are count data, and the count
data models can be used to develop a statistical relationship between the crash frequency and the
collected information, such as traffic volume, roadway characteristics, and crash information. The
use of NB regression model where intersections are considered as isolated is more appropriate than
using simple Poisson model (Miaou, 1994; Kulmala, 1995; Shankar et al., 1995; Poch and
Mannering, 1996; Abdel-Aty and Radwan, 2000). A large amount of intersection safety studies
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treated them as isolated entities, which is questionable if the distance between the intersections is
small or they are located along the same corridor.

Several studies analyzed intersection crashes using the count data modeling approach and
attempted to quantify the significant contributing factors to predict crashes at intersections. Poch
and Mannering (1996) analyzed 63 rural intersections over 7 years (1987-1993), and they
developed a NB regression model to identify the traffic and geometric factors that are contributing
to crashes at intersections. Lord and Persaud (2000) explored 868 four-legged signalized
intersections for 6 years (1990 -1995), and they applied the generalized estimating equations
(GEEs) procedure to estimate crash prediction models. Greibe (2003) analyzed a 5 years crash
data for 1036 urban signalized and non-signalized intersections, and they employed the generalized
linear modeling techniques to relate crash frequencies to the contributing factors. Also, Kumara
and Chin (2005) analyzed 104 three-legged signalized intersections using Poisson underreporting
model. Moreover, Wong et al. (2007) analyzed a two-year crash data for 262 signalized
intersections in Hong Kong, and they used Poisson and NB regression models to identify the crash,
traffic flow, geometric design, road environment, and traffic control contributing factors to
crashes.

Chin and Quddus (2003) studied an 8-year (1992-1999) crash data for 52 four-legged intersections
in Singapore, and they applied the RENB model to explore the contributing factors to crashes at
signalized intersections; Wang and Abdel-Aty (2006) analyzed a 3-year crash data for 208 fourlegged signalized intersections in the state of Florida using GEEs. They studied the temporal and
spatial effect of rear-end crashes at signalized intersections using GEEs model using over 3 years
11

of crash data for 208 signalized intersections. Huang and Chin (2010) modeled road traffic crashes
with zero-inflation and site-specific random effects using an 8-year (1998-2005) crash data for 52
intersections in Singapore. Ma et al. (2010) analyzed a 4-year crash data (2004-2007) for 108
signalized intersections in China, and they employed GEE models to identify the contributing
factors. Gomes et al. (2012) explored a 4-year crash data (2004-2007) for 94 signalized
intersections in Portugal using Poisson-gamma modeling framework.

Some recent studies showed a substantial improvement of the statistical modeling to get a better
understanding of the intersection crash risk factors. Guo et al. (2010) analyzed a 6-year crash data
for 170 four-legged signalized intersections along 25 corridors in the state of Florida. In this study,
they estimated several models, which are Poisson, NB, NB mixed effect, NB conditional
autoregressive (CAR) prior, and Poisson CAR models, and it was found that the Poisson CAR
prior model provides the best fit for the data. Xie et al. (2013) studied 2009 crash data for 195
signalized intersections along 22 corridors, and they developed several models, which are NB, NB
with random parameters, and Bayesian Hierarchical NB (HNB) Model. It was found that the HNB
model provides the best fit for the data. As a follow up study, Xie et al. (2014) implemented a
hierarchical CAR model in addition to the previous three models, and they found that the
hierarchical CAR model outperforms the other three models.
2.2.2 Factors Associated with Crashes at Intersections
Some studies found the traffic volume as the most important variable to predict crashes at
intersections, and as the traffic volume increases; the crashes at intersections tend to increase
(Kulmala, 1995; Poch and Mannering, 1996; Vogt and Bared, 1998; Abdel-Aty and Radwan, 2000;
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Greibe, 2003). Some studies have used the total entering volume (TEV) as an explanatory variable
(Greibe, 2003; Chin and Quddus, 2003; Abdel-Aty and Wang, 2006; Xie et al., 2013). While some
other studies have used major and minor AADT separately (Lord and persaud, 2000; Wang and
Abdel-Aty, 2006). Abdel-Aty and Wang (2006) have tried different forms of traffic volume, such
as traffic volume per lane, traffic volume difference between major and minor roadways, and
traffic volume ratio between major and minor roadways, to identify the best functional form of
traffic volume.

Most of the studies investigated other contributing factors to crashes at intersections, such as
roadway geometry, crash characteristics, and signal control information. Some studies found that
roadway geometry, such as the number of lanes, type and presence of median on major roadways,
intersection type, and intersection angle are also significant factors contributing to crashes at
intersections (Maher and Summersgill, 1996; Chin and Quddus, 2003; Abdel-Aty and Wang,
2006). Regarding the total number of lanes at both roadways, some studies found that variable to
be statistically significant, and they found that the number of crashes at intersections increase as
the total number of lanes at intersections increases (Poch and Mannering, 1996; Greibe, 2003;
Wang and Abdel-Aty, 2006). This emphasizes the significant effect of intersection size as an
explanatory variable on crash occurrence. Guo et al. (2010) measured the importance of the
number of lanes by having intersections size variable, and they found that larger intersections (19
lanes or more) are more dangerous than smaller intersections. Some studies explored the effect of
the number of lanes in details, and they explored the effect of the number of through, right, and
left lanes on major and minor roadways (Wang and Abdel-Aty, 2006; Xie et al., 2013). In terms
of intersection type or configuration, some studies estimated a model for only four-legged
13

signalized intersections (Lord and Persaud, 2000; Chin and Quddus, 2003; Guo et al., 2010). While
other studies estimated 3-legged and 4-legged signalized intersections on the same model
(Mountain et al., 1998; Greibe, 2003; Abdel-Aty and Wang, 2006; Xie et al., 2013), and it was
found that the type of intersection is statistically significant as the 3-legged intersections
experience lower crash rates than the 4-legged intersections (Abdel-Aty and Wang, 2006; Xie et
al., 2013). Lastly, with respect to intersection angle, there were some studies that investigated the
effect of this variable (Wang and Abdel-Aty, 2006; Ma et al., 2010; Guo et al., 2010; Xie et al.,
2013), and Ma et al. (2010) found the intersection angle to be statistically significant. They found
that the severity of crashes at signalized intersections will increase as the intersection angle
decreases.

Regarding exclusive right-turn lanes, some studies investigated the effect of having exclusive
right-turn lanes on both roadways at intersections (Chin and Quddus, 2003; Wang and Abdel-Aty,
2006; Abdel-Aty and Wang, 2006; Ma et al., 2010). Abdel-Aty and Wang (2006) and Wang and
Abdel-Aty (2006) found that having exclusive right-turn lanes on both roadways helped to reduce
crashes at intersections. However, Chin and Quddus (2003) and Ma et al. (2010) found this variable
to be statistically insignificant. In terms of medians, several studies explored the effect of the
presence of median at major or minor roadways (Chin and Quddus, 2003; Wang and Abdel-Aty,
2006; Abdel-Aty and Wang, 2006; Ma et al., 2010; Xie et al., 2013). Some studies found the effect
of median presence to be statistically insignificant (Chin and Quddus, 2003; Abdel-Aty and Wang,
2006; Xie et al., 2013). While Ma et al. (2010) and Wang and Abdel-Aty (2006) found that the
presence of median helped to reduce the total number of crashes at signalized intersections.
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In terms of traffic control and operational features, the effect of speed limit has been investigated
in several studies (Poch and Mannering, 1996; Chin and Quddus, 2003; Abdel-Aty and Wang,
2006; Wang and Abdel-Aty, 2006; Ma et al., 2010; Guo et al., 2010). Some scholars investigated
the effect of both major and minor speed limits (Poch and Mannering, 1996; Ma et al., 2010; Guo
et al., 2010), and others investigated the effect of the major speed limit (Wang and Abdel-Aty,
2006; Wang and Abdel-Aty, 2006). Xie et al. (2013) analyzed the effect of the mean speed and
speed variance on the major roads along the corridor, and they found the mean speed to be
significant and the speed variance to be insignificantly related to crashes. Poch and Mannering
(1996), Wang and Abdel-Aty (2006), and Abdel-Aty and Wang (2006) found that the speed limit
significantly contributed to crashes at intersections, and a higher speed limit would result in high
crash frequencies. While other studies found the effect of the speed limit at intersections to be
statistically insignificant (Chin and Quddus, 2003; Guo et al., 2010).

There are some studies that investigated the effect of signal control information on crashes at
signalized intersections. Several scholars (Poch and Mannering, 1996; Chin and Quddus, 2003;
Kumara and Chin, 2005; Huang and Chin, 2010; Xie et al., 2013) explored the effect of signal
phasing on crashes, and it was found that as the number of signal phasing increases, the crashes at
intersections will increase. Also, some studies investigated the effect of cycle length on crashes at
intersections, and they found its effect to be insignificant on crashes at intersections (Chin and
Quddus, 2003; Huang and Chin, 2010; Xie et al., 2013). Some scholars also investigated the effect
of protected left-turn signal (Poch and Mannering, 1996; Wang and Abdel-Aty, 2006). This
variable is directly related to signal phasing; more approaches with protected left-turn results in a
larger number of phases per cycle (Wang and Abdel-Aty, 2006). Thus, having a protected left-turn
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phase on both approaches will result in more crashes at signalized intersections (Wang and AbdelAty, 2006). However, it was found that the partial left-turn protection would result in lower crashes
at intersections (Wang and Abdel-Aty, 2006). Finally, efficient signal timing will result in an
improvement in operational performance as well as road safety (Wong et al., 2007).

Some studies explored the effect of proximity of intersections (distance to the nearest intersection),
and they found that as the distance between intersections decreases, the crashes would increase at
these intersections (Wang and Abdel-Aty, 2006; Abdel-Aty and Wang, 2006; Xie et al., 2013). In
terms of sight distance, Poch and Mannering (1996) found that the presence of sight distance
restriction would increase the crashes at intersections; however, Chin and Quddus (2003) found
that as the sight distance increases, the intersections tend to have more crashes, which is opposite
of the previous study. Also, Kumara and Chin (2005) found that the sites with sight distance less
than 100m or greater than 300m appears to increase crashes at intersections. Therefore, this
variable needs to be carefully investigated when such data is available.
2.3 Roadway Segments Safety
There are some studies that investigated the contributing factors to crashes at roadway segments
under different types of segments. The contributing factors may include geometric design features,
pavement condition, traffic flow characteristics, and crash characteristics. This section presents
the statistical models that have been used to identify the contributing factors to crashes at roadway
segments and the major findings of the previous studies.
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2.3.1 Previous Studies
Several studies analyzed roadway segment crashes using count data modeling approach and
attempted to quantify the significant contributing factors to crashes. Shankar et al. (1995) analyzed
more than 5 years of crash data for 61 km portion of I-90, and they employed an NB model to
identify the contributing factors (roadway geometry, weather, and other seasonal effects). AbdelAty and Radwan (2000) explored a 3-year crash data for 566 roadway segments along SR 50 in
Central Florida, and they developed an NB model using geometric, traffic, and crash information.
Karlaftis and Golias (2002) investigated a 5-year crash data (1991-1995) for rural two-lane and
rural multilane roads, and they applied a hierarchical tree-based regression model. They examined
the effects of road geometry and traffic volumes on rural roadway segment crashes. Greibe (2003)
analyzed a 5-year crash data (1990-1994) for 314 roadway segments, and the generalized linear
modeling techniques were employed to identify the contributing factors to crashes.

Some studies have used advanced statistical models to get a better understanding of the
contributing factors to crashes at roadway segments. Caliendo et al. (2007) analyzed a 5-year crash
data (1999-2003) for 46.6 km of rural multilane roadways in Italy, and employed Poisson, NB,
and Negative Multinomial regression models to get the contributing factors to traffic crashes.
Anastasopoulos et al. (2008) used a 5-year crash data for 337 roadway segments along 5 interstate
highways in Indiana, and they applied Tobit regression as an alternate method by showing the
vehicle crash rates instead of frequencies. Also, Anastasopoulos et al. (2012) applied randomparameter Tobit model to identify the factors affecting highway crash rates. They analyzed a 9year crash data for 200 roadway segments along 8 urban interstate roads. The factors that have
been analyzed in this study include pavement characteristics, road geometry, and traffic
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characteristics. El-Basyouny and Sayed (2009a) analyzed 3 years of crash data (1994-1996) for
392 roadway segments that were clustered into 58 corridors, and they applied the traditional
Poisson-lognormal (PLN) model with two extended PLN models. It was found that the PLN model
with random corridor parameters provides the best fit for the data. Lastly, Ma et al. (2010) analyzed
a 4-year crash data (2004-2007) for 146 roadway segments in China, and they applied the
Generalized Estimating Equations (GEEs) techniques with a NB link function.

2.3.2 Factors Associated with Crashes at Roadway Segments
In terms of contributing factors, some studies found that the traffic volume is an essential variable
to predict crashes at roadway segments. Scholars have used different forms of traffic volume, and
most of them have used the natural log of traffic volume. In some studies, it was found that as the
traffic volume increases, the crash frequencies at roadway segments tend to increase (Persaud and
Dzbik, 1992, Abdel-Aty and Radwan, 2000; Greibe, 2003; El-Basyouny and Sayed, 2009a). On
the other hand, some studies analyzed crash rates instead of crash frequencies, and they found that
for the majority of the roadway segments, as the traffic volume increases, the crash rate decreases
(Zhou and Sisiopiku, 1997; Dickerson et al., 2000; Qi et al., 2007; Anastasopoulos et al., 2012).
Ma et al. (2010) found the traffic volume to be statistically insignificant; however, they kept it in
the model as a control for exposure.

With respect to segment length, scholars found that as the segment length increases, it is more
likely to have more crashes (Abdel-Aty and Radwan, 2000; El-Basyouny and Sayed, 2009a; Ma
et al., 2010). Some studies normalized the crash frequencies on segment length (Karlaftis and
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Golias, 2002). Also, it should be noted that it was found that segment length is not statistically
significant when crash rates are used in the study (Anastasopoulos et al., 2008). Some scholars
used an equal length of segments (Miaou et al., 1991; Shankar et al., 1995). Lastly, Xie et al.
(2007) stated that the segment length could be used as an offset variable in the equation along with
the number of years rather than using it as an independent variable.

In terms of roadway geometry, there were many studies that explored the effect of roadway
geometry on crashes at roadway segments (Shankar et al., 1995; Abdel-Aty and Radwan, 2000;
Karlaftis and Golias, 2002; Greibe, 2003; Ma et al., 2010; Anastasopoulos et al., 2012). With
respect to horizontal curves, some studies indicated that the presence of horizontal curves would
help to decrease crashes (Shankar et al., 1995; Shankar et al., 1998; Anastasopoulos et al., 2008).
However, some studies, for example, Abdel-Aty and Radwan (2000) and Caliendo et al. (2007),
found that the crash increases as the degree of curvature increase. This conflict between the studies
might be due to the form of the variable entered in the model since some studies analyzed it as a
continuous variable, while other studies analyzed it as a dummy variable. Also, the scholars who
argued that the presence of horizontal curves would help to reduce crashes stated that some
variation in roadway geometrics might enhance the drivers’ attention (highway hypnosis). Thus,
it will result in reducing the likelihood of a crash (Wertheim, 1978, Cerezuela et al., 2004;
Anastasopoulos et al., 2008). In terms of vertical curves, some studies found this variable to be
insignificant (Abdel-Aty and Radwan, 2000; Anastasopoulos et al., 2012). Some scholars found
that as the number of vertical curves increases in a roadway segment, the number of crashes will
decrease (Shankar et al., 1998; Milton et al., 2008; Anastasopoulos et al., 2012). Shankar et al.
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(1995) found that grade has a strong positive effect on crash frequency, where sections with grades
that exceed 2% will experience more crashes.

Regarding median presence and width, it was found that the presence of median would result in a
lower number of crashes (Berhanu, 2004; Ma et al., 2010). It also was found that wide median will
help to reduce crashes (Shankar et al., 1998, Abdel-Aty and Radwan, 2000; Anastasopoulos et al.,
2008). With respect to shoulder width, it was found that this variable is significantly affecting
crash frequency at roadway segments, and it helps to reduce crashes at roadway segments (McGee
et al., 1995; Abdel-Aty and Radwan, 2000; Anastasopoulos et al., 2008). Also, it was found that
the presence of rumble strips helps to reduce crashes as stated by Anastasopoulos et al. (2008).
Lastly, it was found that driveway density is significantly affecting crashes at roadway segments,
and as the driveway density increases, the crashes at roadway segments would increase (Greibe,
2003; Li and Kim, 2000; Islam and Mannering, 2006; Anastasopoulos et al., 2008).

With respect to pavement characteristics, there were some studies that investigated the effect of
pavement on roadway segment crashes (Karlaftis and Golias, 2002; Noyce and Bahia, 2005;
Cariendo et al., 2007; Anastasopoulos et al., 2008; Anastasopoulos et al., 2012). It was found that
as the side friction coefficient increases; the risk of crashes will decrease (Noyce and Bahia, 2005;
Cariendo et al., 2007; Anastasopoulos et al., 2008). It also was found that some important measures
of pavement condition, such as international roughness index, pavement condition rating, rutting
depth, and surface deflection are significantly affecting crashes at roadway segments
(Anastasopoulos et al., 2008; Anastasopoulos and Mannering, 2009; Anastasopoulos et al., 2012).
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Finally, regarding land use type, several studies investigated the effect of the land use type on
crashes at roadway segments, and it was found that business areas are associated with more crashes
than other area types, such as residential areas (Bonneson and McCoy, 1997; Greibe, 2003; ElBasyouny and Sayed, 2009a; Ma et al., 2010). With respect to study area, most of the studies
focused on either urban or rural roadways; however, some studies, for example Abdel-Aty and
Radwan (2000), analyzed this variable by having both types on the same study, and they accounted
for that by having a dummy variable, and they found that urban roadways experience more crashes
than rural roadways.
2.4 Corridor Safety Studies
Analyzing intersections to get the contributing factors to crashes is an essential step to enhancing
safety at intersections. However, analyzing them as an isolated entity especially if the distance
between them is not large is questionable. Intersections at adjacent locations along corridors are
likely to be spatially correlated for several reasons. First, intersections along the same corridors
tend to have similar through-traffic volumes, and they may have a similar land use, roadway
characteristics, and driver characteristics (Guo et al. 2010). Also, Rodegerdts et al. (2004) stated
that adjacent signals along corridors, when the distances between them are 0.5 miles or less are
likely to be coordinated in most situations. As a result, the signalized intersections or roadway
segments along corridors are probably correlated and will influence each other in many aspects,
especially the closer ones. As a result, looking at the spatial correlation for signalized intersections
or roadway segments along corridors instead of analyzing them as isolated entities is important to
improve the accuracy of parameter estimates.
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Previous corridor studies have analyzed either intersections or segments along corridors (AbdelAty and Wang, 2006; El-Basyouny and Sayed, 2009a; Guo et al., 2010; Xie et al., 2013, 2014;
Wang et al., 2014, 2015). However, there is limited research that has considered the corridor
related risk factors (Abdel-Aty and Wang, 2006; Xie et al., 2014; Wang et al., 2014, 2015). AbdelAty and Wang (2006) were among the first researchers who stated that crashes at adjacent
intersections along certain corridors are spatially correlated, and they proposed GEEs to deal with
the spatially correlated adjacent intersections with having 476 signalized intersections along 41
principle and minor arterials in Florida. However, the GEEs set the same correlation matrix for
different intersections groups, thus the discrepancies in correlations among different groups of
intersections cannot be reflected as stated by Xie et al. (2013). Recently, many advanced statistical
modeling approaches have been applied to more precisely deal with the nature of crash data, and
these techniques have improved the modeling results significantly. Guo et al. (2010) analyzed 170
four-legged signalized intersections along 25 corridors in Florida, and they applied several models,
which are Poisson, NB, NB mixed effect, NB CAR prior, and Poisson CAR models. It was found
that the Poisson CAR prior model provides the best fit for the data. Also, Xie et al. (2014)
examined a year of crash data for 195 signalized intersections along 22 corridors, and they
estimated several models, which are NB, NB with random parameters, Bayesian HNB, and HCAR
Models. It was found that the HCAR model provides the best fit for the data. With respect to
roadway segments, El-Basyouny and Sayed (2009a) analyzed 392 segments, and the roadway
segments were clustered into 58 corridors. They fit different regression curves for each corridor
by including a random corridor parameter. Wang et al. (2014) investigated 161 roadway segments
along eight suburban arterials in China. They estimated a Bayesian hierarchical model for total
crashes, and they also estimated a bivariate model for predicting minor and severe injury crashes.
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It is the only corridor study, which estimated a bivariate model for predicting crash frequencies of
two severity levels. Lastly, Wang et al. (2015) analyzed 176 roadway segments along 18 urban
arterials in Shanghai, China. The researchers employed four different models: PLN, PLN with
Maximum Likelihood priors, hierarchical PLN, and hierarchical PLN with Maximum Likelihood
priors. They found that the hierarchical PLN model with Maximum Likelihood priors provided the
best fit for the data.

With respect to corridor variables, Abdel-Aty and Wang (2006) analyzed the effect of the distance
to the nearest signalized intersection along corridors in addition to many intersection related
variables. Guo et al. (2010) examined the effect of signal coordination along the analyzed
corridors, and the rest of the variables are intersection related variables. Xie et al. (2013) analyzed
the effect of some corridor variables in addition to some intersection variables. Corridor related
variables include the presence of a median, one-way road or not, ADT along corridors, ADT per
lane along corridors, mean speed, and speed variance. El-Basyouny and Sayed (2009a) analyzed
only six roadway segment related variables, and these variables include segment length, total ADT,
crosswalk density, business land use, un-signalized intersection density, and the number of lanes
between signals. Wang et al. (2015) examined the effect of average segment length along corridors
as the only explanatory corridor-level variable. Lastly, Wang et al. (2014) analyzed the effect of
the number of signalized intersections per kilometer (Intersection density) along corridors as well
as the standard deviation of signal spacing along corridors.

Regarding the significant corridor variables, there were some significant corridor related variables
that contribute to crashes along corridors. Xie et al. (2013) found that there were two variables to
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be significant, and these variables are a dummy variable for one-way roads and operation speed.
The one-way roads found to be safer than two-way roads, and as the mean speed increases, the
number of crashes increases. Guo et al. (2010) found that the coordinated signals are not safer than
the isolated one, and this might be due to the fact that the coordinated signals have a relatively
short distance between them, which could lead to more traffic conflicts among those intersections.
Also, it could be that the signals coordination applied to specific group of intersections that are
more dangerous than the isolated intersections. Wang et al. (2015) found the average segment
length of corridors to be statistically significant and positively associated with crashes along
corridors. Lastly, Wang et al. (2014) found that the intersection density to be positively associated
with crash counts on suburban arterials, and the standard deviation of signal spacing to be
positively associated with crash counts along arterials.

In the previous three sections, many explanatory variables related to intersections, roadway
segments, and corridors have been discussed in detail as well as the previous corridor studies and
how the safety along corridors was measured. Previous corridor studies showed that researchers
have analyzed the safety at corridors with a focus on either roadway segments or signalized
intersections, and taking both parts into consideration while analyzing corridors is important for a
better understanding of the existing corridor problems. Therefore, this research aims to fill the gap
by collecting intersection, roadway segments, and corridor related variables for use in the
hierarchical joint model, which estimates crashes at intersections and roadway segments
simultaneously. The following section focuses on explaining the benefits of some related advanced
statistical models.
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2.5 Modeling Approaches for Analyzing Crashes
In this section, a discussion of different statistical models and approaches to deal with the data is
presented in an attempt to improve the model’s performance and provide more accurate parameter
estimates. This section includes a discussion of the following point: hierarchical models, models
with random parameters, incorporating the spatial autocorrelation, and multivariate models.

2.5.1 Hierarchical (Multilevel) Models
Hierarchical models are sometimes called multilevel models, and they are recommended to
distinctly address and properly estimate the hierarchy structure of data (Gelman and Hill, 2007),
and most of the data of interest for safety research is hierarchical, and explaining the results without
considering the hierarchy structure of the data can lead to incorrect conclusions (Dupont et al.,
2013). Jones and Jorgensen (2003) introduced the use of hierarchical models to predicted traffic
crashes, and they explored and discussed the applications of the hierarchical models. Hierarchical
models provide a coherent model, which simultaneously incorporate the different levels, and their
inference for parameters is efficient (Huang and Abdel-Aty, 2010). Non-hierarchical modeling
would be appropriate when modeling crashes; however, hierarchical models are justified by having
a correlation within clusters (Goldstein, 1995; Kim et al., 2007; lord and Mannering, 2010).
Therefore, the main assumption of hierarchical models is that the correlation among crash
occurrence may be present at the same location (Lord and Mannering, 2010). To sum up, ignoring
the hierarchical structure of the data would lead to statistically inaccurate results due to the
dependency of nested observation (Dupont et al., 2013).
Hierarchical models incorporate variables at the level where their effects happen; therefore, they
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have great explanatory power (Gelman and Hill, 2007). They provide more reliable estimation
than the traditional models since they can accommodate the heterogeneity among different groups
(Huang and Abdel-Aty, 2010; Xie et al., 2013). Also, during the development of the hierarchical
model, we could include variables at different levels, thus we are allowing their effect to be
independently examined (Gelman and Hill, 2007).

Some crash severity studies have used the hierarchical structure models, where the crashes
themselves represent the lowest level (level 1) of the data, and the intersection at which the crash
happened represents the highest level (level 2) of the data (Jones and Jorgensen, 2003; Kim et al.,
2006a; 2007). At those studies, the crash level data contain detailed information about individual
crashes (weather condition, time of the crash, weather condition, etc.), while intersection data
contain geometric information and traffic volumes across intersections. Many studies have
employed hierarchical models to predict crash injury severity (Jones and Jorgensen, 2003; Kim et
al., 2007; Huang et al., 2008; Dupont et al., 2010; Yannis et al., 2010), and all of them have applied
binomial models except Yannis et al. (2010), who employed multinomial model to predict crash
injury severity.

Hierarchical count models have been employed in several studies (Aguero-Valverde and Jovanis,
2006; Yannis et al., 2007; Yannis et al., 2008; El-Basyouny and Sayed, 2009a; Guo et al., 2010;
Wang et al., 2014, 2015). Yannis el al. (2008) employed a multivariate hierarchical model to
predict crash counts in Greece. The estimated model was used to predict crash counts for over 50
counties and is clustered within 12 regions. The usefulness of multilevel models in the case of
count data was proved due to an improvement over the base model (Dupont et al., 2013).
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To sum up, hierarchical models have been widely explored and employed in previous safety
studies, and they provide more reliable results than traditional models by introducing spatial
random effect term, which accounts for the unobserved heterogeneity among different groups.
Lastly, hierarchical models are able to incorporate variables at the level where their impacts have
occurred. Therefore, a hierarchical model has been considered in this study as roadway segments
and intersections represent level 2 and corridors represent level 1.
2.5.2 Models with Random Parameters
There are variations in roadway characteristics and/or traffic volumes across road entities or
corridors (groups of road entities). The variations indicate that their effects vary across
observations or corridors. This might be due to the possibility of omitting some important
unobserved factors that affect the likelihood of crashes, and these factors are not likely to be
provided to the analyst. As a result, accounting for observation specific variations in the
explanatory factors will result in more accurate inferences than the traditional fixed parameters
models (Mannering et al., 2016). One of the popular approaches to account for such unobserved
heterogeneity is to employ the random-parameters model, where we allow the estimated parameter
in the model to vary across observations following a specific continuous distribution, so it can be
seen as an extension of the random effect models. The unobserved heterogeneity is spatially
unrelated and truly unobserved. It is worth noting that the random effect terms can be used to
account for the corridor-specific heterogeneity.

Many studies have estimated models to handle unobserved heterogeneity. For example, the
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aggregation of crashes over time and/or space creates additional unobserved heterogeneities
(Mannering et al., 2016). Many recent studies have accounted for the unobserved heterogeneity by
employing models with random parameters (Anastasopoulos and Mannering, 2009; Venkataraman
et al., 2014; Coruh et al., 2015; Barua et al., 2016; Buddhavarapu et al., 2016; Behnood and
Mannering, 2017) or latent class models (Yasmin et al., 2014; Buddhavarapu et al., 2016; Heydari
et al., 2017) or the combination of the two approaches (Xiong and Mannering, 2013). Randomparameters models can be viewed as an extension to random effects models where we incorporate
the variability of the variable coefficients in addition to the intercept across observations to account
for unobserved heterogeneity. Random-parameters count models have been employed in traffic
safety studies and have been extended to other crash count modeling methods. Recent studies have
incorporated random parameters into different crash count models, such as multivariate models
(Dong et al., 2014; Barua et al., 2016; Anastasopoulos, 2016) and Tobit models (Anastasopoulos
et al., 2012; Anastasopoulos, 2016; Zeng et al., 2017). In addition, several studies have employed
random parameters in multilevel models where they allow the variation to be across the upper
level, such as corridors, cities, and so on (El-Basyouny and Sayed, 2009a; Xie et al., 2013; Xie et
al., 2014; Coruh et al., 2015). Mannering et al. (2016) explored and discussed the consequences of
ignoring this issue and the statistical/econometric methods that have been employed in the crash
analysis literature to handle this issue.

El-Basyouny and Sayed (2009a) estimated three models, which are PLN, PLN with random effect
(accounting for the corridor variation through the variance), and PLN with random parameters
(accounting for the corridor variation through the mean). They found that the PLN model with
random parameters provides the best fit for the data. Also, Xie et al. (2013) estimated NB, NB
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with random parameter (where they only allow the ADT to vary across corridors), and HNB
models. The NB model with random parameters outperforms the NB model; however, the HNB
model provides the best fit for the data. It should be noted here that the HNB model incorporated
corridor related variables where there were no corridor variables for the NB and NB with random
parameter models.

In summary, incorporating random parameters to the models accounts for the variations in
roadway characteristics and/or traffic volumes across observations or corridors (groups of
observations). Therefore, the hierarchical joint model with random corridor parameters is
estimated in objective one to account for the unobserved heterogeneity to get more accurate
parameter estimates and inferences.

2.5.3 Models with Spatial Effects
Crashes at adjacent locations are likely to be spatially correlated for several reasons. First,
intersections and roadway segments along the same corridors tend to have similar through-traffic,
and they may have a similar land use, roadway characteristics, and driver characteristics (Guo et
al., 2010). In addition, scholars stated that adjacent signals along certain corridors when the
distances between them are 0.5 miles or less are likely to be coordinated in most situations
(Rodegerdts et al., 2004). Therefore, there is a high probability of spatial correlation presence
among the road entities along corridors especially when the distance between them is not large for
the previous reasons. As a result, it is crucial to consider the spatial effects in the model since the
spatial effect can be a surrogate for unknown and relevant covariates (Aguero-Valverde and
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Jovanis, 2010; Cressie, 2015). Accounting for spatial correlation has become a key element in the
development of traffic crash models with close proximity of road entities, and ignoring this issue
may lead to a biased estimation of model parameters (Guo et al., 2010; Lesage and pace, 2009). In
addition, a spatial correlation exists between adjacent road entities, and many studies have proved
that considering the spatial effect has helped to improve the model performance (Aguero-Valverde
and Jovanis, 2010; Hadayeghi et al., 2010; Barua et al., 2014; Aguero-Valverde, 2013; Cai et al.,
2017).

Incorporating spatial correlations to the model is important; yet different weight matrices are
possible. Some studies have investigated the effect of different neighboring structures in traffic
crash models. Aguero-Valverde and Jovanis (2010) investigated the effect of different roadway
segment neighboring structures in road crash models. A full Bayes hierarchical CAR model has
been estimated to account for the spatial autocorrelation effects. Many weight matrices have been
compared. They include adjacency-based, adjacency-route, distance-route, and distance-based
spatial weight features. The authors found that the spatial correlation becomes more significant in
distance of one mile or less. Also, roadway segments that belong to the same corridor have a
stronger spatial correlation. Regarding intersections, a commonly used inverse distance function
was adopted in many studies (Guo et al., 2010; Mitra, 2009). Castro et al. (2012) investigated the
effect of spatial correlation in traffic crash models. They studied a sample drawn from files
between 2003 and 2009 to estimate a latent variable model. The authors used a distance-based
neighbor’s weight matrix. Dong et al. (2015) assessed the spatial proximity effects in predicting
traffic crashes at the level of traffic analysis zones. They compared different weight matrices,
which are first-order adjacency-based, common boundary-length-based, geometric centroid30

distance-based, and crash-weighted centroid-distance-based. Xie et al. (2014) estimated five
models, which are NB, RENB, RPNB, HNB, and HCAR models. They found that the HCAR
outperforms the other three models, and provides better predictive performance than the other
models. Lastly, Zeng and Huang (2014) estimated a spatial joint model of traffic crashes on a road
network. With respect to the spatial proximity matrix for the joint model, the authors only
accounted for the directly connected road entities in the weight matrix without examining different
neighboring structures. These findings are important for future research to decide which spatial
weight features should be explored at the desired micro or macro-level.

In summary, incorporating spatial correlations to the model is important since many studies have
proved that considering the spatial effect has helped to improve the model performance. However,
the best spatial weight matrix to be considered for the hierarchical joint model, which contains
intersection, roadway segment, and corridor variables, needs to be investigated. Therefore,
exploring different neighboring structures between the road entities in the suggested model is
required. Objective two addresses the effect of incorporating the spatial effects to the model and
explores the different neighboring structures.

2.5.4 Multivariate Models
Developing a crash prediction model for total crashes identifies the crash risk factors that are
associated with crashes at specific locations. However, to implement effective countermeasures, it
is required to investigate the crash type. In addition, different crash types are associated with traffic
and geometric characteristics in different ways (Kim et al., 2006b, 2007). Likewise, the crash risk
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factors differ among different crash severity levels (El-Basyouny and Sayed, 2009b; Ma and
Kockelman, 2006), and this supports the investigation of the crash contributing factors for different
severity levels. Therefore, investigating the contributing factors to crashes for different crash types
or severity levels by estimating separate count models for different crash types or severity levels
is of great importance since it provides better explanatory power compared to a single total crash
model. However, estimating a separate count model for each crash type or severity level may result
in inefficient and biased parameters because different crash types or severity levels may share
unobserved or omitted variables (Ma and Kockelman, 2006; Ye et al., 2009; Aguero-Valverde et
al., 2016). As a result, estimating a multivariate model, where crash counts of different crash types
or severity levels are modeled simultaneously, is necessary to handle the common unobserved
factors and provide more accurate parameter estimates.

The multivariate models have been used widely in previous traffic safety studies (Bijleveld, 2005;
Ma and Kockelman, 2006; Song et al., 2006; Park and Lord, 2007; Ma et al., 2008; El-Basyouny
and Sayed, 2009b; Ye et al., 2009; Aguero-Valverde and Jovanis, 2009; Park et al., 2010; AgueroValverde, 2013; Barua et al., 2016; Aguero-Valverde et al., 2016). Some studies have employed
the multivariate model to predict crash frequencies by severity level (for example: Ma and
Kockelman, 2006; Park and Lord, 2007; Ma et al., 2008; Aguero-Valverde and Jovanis, 2009;
Barua et al., 2016), and some researchers have used the multivariate model to predict crash
frequencies by crash type (Ye et al., 2009; Geedipally and Lord, 2009; Aguero-Valverde et al.,
2016) or transportation mode (Lee et al., 2015; Huang et al., 2017). Many studies have
incorporated the spatial correlation into multivariate models to predict crash counts (Wang and
Kocklman, 2013; Aguero-Valverde, 2013; Barua et al., 2014; Aguero-Valverde et al., 2016; Huang
32

et al., 2017; Bhat et al., 2017). Scholars have employed the multivariate model for predicting crash
counts of different type at roadway segments (Aguero-Valverde et al., 2016; Mothafer et al., 2016)
or Intersections (Ye et al., 2009). Analyzing crashes by severity level or collision type is useful to
get a better understanding of the differential effects of relevant variables on different crash types
(Mannering and Bhat, 2014).

In terms of the type of the multivariate model, scholars have employed different types of
multivariate models. Ma and Kockelman (2006) have developed Bayesian multivariate Poisson
model to estimate crash frequencies by severity. Ladron de Guevara and Washington (2004)
developed a multivariate NB regression model to predict crash counts by severity in Arizona. Ma
et al. (2008) estimated a multivariate PLN regression model for the prediction of crash frequencies
by severity. Some scholars developed a multivariate PLN regression model, such as Park and Lord
(2007), El-Basyouny and Sayed (2009b), Aguero-Valverde and Jovanis (2009), Park et al. (2010),
Aguero-Valverde (2013), Barua et al. (2016), Aguero-Valverde et al. (2016), and Huang et al.
(2017).

Some studies stated that the multivariate PLN regression model is superior to the other models
(multivariate Poisson and NB models) for two reasons. First, this type of model allows for a more
general correlation structure and accounts for over-dispersion as stated by Ma et al. (2008), ElBasyouny and Sayed (2009a), and Park and Lord (2007). Also, this model can account for negative
correlation as mentioned by El-Basyouny and Sayed (2009a) and Park and Lord (2007).

Wang and Kockelman (2013) employed a multivariate PLN conditional autoregressive (CAR)
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model to reveal spatial autocorrelation across pedestrian crash counts by severity levels. Bhat et
al. (2014) estimated a spatial multivariate count model to predict the count of new businesses by
sector type. Dong et al. (2014) estimated a multivariate random-parameter zero-inflated NB
regression model to predict crashes at intersections. Russo et al. (2014) developed a randomparameters bivariate ordered probit model to compare the factors affecting injury severity in angle
crashes by fault status. Barua et al. (2016) employed a multivariate random parameter model with
spatial heterogeneity to predict crash counts by severity (severe and no-injury collisions).

Aguero-Valverde et al. (2016) analyzed a 7–year crash data for 832 rural two-lane roadway
segments in Pennsylvania. They have estimated four different models, which are univariate model,
univariate spatial model, multivariate model, and multivariate spatial model for predicting crash
counts of different types. They found that the multivariate PLN model outperforms the other three
models. With respect to explanatory variables, they only used the annual average daily traffic
(AADT) as an independent variable. Ye et al. (2009) investigated a 2-year crash data for 165 rural
intersections in the state of Georgia. They have estimated univariate and multivariate Poisson
prediction models for crash counts of different types and found that the multivariate Poisson model
provides a better fit of the data compared to the univariate model. Both studies revealed that the
presence of shared unobserved factors across collision types is significant and should be
considered in the crash analysis. Lastly, Wang et al. (2014) investigated 161 roadway segments
along eight suburban arterials in China. They estimated a Bayesian hierarchical model for total
crashes, and they also estimated a bivariate model for predicting minor and severe injury crashes.
It is the only corridor study, which estimated a bivariate model for severity levels, and there is no
corridor study that dealt with multivariate modeling.
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In summary, different crash types or severity levels are associated with different crash risk factors;
however, estimating a separate count model for each crash type or severity level may result in
inefficient and biased parameters because different crash types or severity levels may share
unobserved or omitted variables. Therefore, multivariate models are necessary to handle the
common unobserved factors and provide more accurate parameter estimates. The third and fourth
objectives of this research focus on providing a complete understanding of the contributing factors
to crash counts of different types and severity levels at intersections and roadway segments along
corridors by estimating two multivariate hierarchical spatial joint models. This model will take
into account the dependency among responses and the hierarchical dependencies of the data.

2.6 Literature Review Summary
In this chapter, a comprehensive literature review has been conducted. It contains a detailed
literature review of the previous studies in terms of intersection, roadway segment, and corridor
safety. In this part, the statistical models and data type that have been used in previous related
studies have been explored. Also, a discussion of the risk factors associated with crashes at
intersections, roadway segments, and corridors have been addressed. In addition, the major
findings of each study and its consistency with previous studies have been discussed. Lastly, a
discussion of different statistical approaches to deal with crash data is presented, and they include
a discussion of hierarchical models, models with random parameters, incorporating the spatial
autocorrelation, and multivariate models.
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Previous corridor studies have analyzed safety at corridors with a focus on either roadway
segments (El-Basyouny and Sayed, 2009a; Wang et al., 2014) or signalized intersections (AbdelAty and Wang, 2006; Guo et al., 2010; Xie et al., 2014), and taking both components into
consideration while analyzing corridors is needed for a better understanding of the existing safety
problems at intersections and roadway segments along corridors. Therefore, in the first objective,
collecting intersection, roadway segment, and corridor data along corridors and modeling them in
a hierarchical joint model is suggested. Also, previous studies indicated that accounting for
observation specific variations in the explanatory factors will result in more accurate inferences
than the traditional fixed parameters models (Mannering et al., 2016). The variations indicate that
the effect of explanatory variables varies across corridors. Many studies have estimated models to
handle unobserved heterogeneity using models with random parameters (Anastasopoulos and
Mannering, 2009; Venkataraman et al., 2014; Coruh et al., 2015; Barua et al., 2016; Buddhavarapu
et al., 2016; Behnood and Mannering, 2017) or latent class models (Yasmin et al., 2014;
Buddhavarapu et al., 2016; Heydari et al., 2017) or the combination of the two approaches (Xiong
and Mannering, 2013). Many studies have shown an improvement in the model performance when
random parameters have been incorporated. Amoh-Gyimah et al. (2016) conducted a macroscopic
modeling of non-motorized crashes, and they found that the random parameter NB model
outperforms Poisson CAR and NB models. Therefore, accounting for the variations in roadway
characteristics and/or traffic volumes across corridors is examined here. Therefore, random
parameters are incorporated into the hierarchical joint model to account for the unobserved
heterogeneity to get more accurate parameter estimates and inferences.
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Second, there is a high probability of spatial correlation presence among the road entities along
corridors, especially when the distance between them is not large since they have similar roadway
and driver characteristics. Also, the spatial effects can be surrogate measures for unknown and
relevant covariates (Aguero-Valverde and Jovanis, 2010; Cressie, 2015), and many studies have
proved that considering the spatial effect has helped to improve the model performance (AgueroValverde and Jovanis, 2010; Hadayeghi et al., 2010; Barua et al., 2014; Aguero-Valverde, 2013).
Some studies have investigated the effect of different neighboring structures in traffic crash
models. Aguero-Valverde and Jovanis (2010) investigated the effect of different roadway segment
neighboring structures in road crash models. They include adjacency-based, adjacency-route,
distance-route, and distance-based spatial weight features. The authors found that the spatial
correlation becomes more significant at a distance of one mile or less. Also, roadway segments
that belong to the same corridor have a stronger spatial correlation. Therefore, it is crucial to
consider the spatial effects in the model. However, the best spatial weight matrix to be considered
for the hierarchical joint model, which contains intersection, roadway segment, and corridor
variables, needs to be investigated. Therefore, exploring different neighboring structures between
the road entities in the suggested model is required. Objective two addresses the effect of
incorporating the spatial autocorrelation into the model and explores the different neighboring
structures. Different conceptualizations of spatial relationships are explored to address the second
objective.

Third, it has been proven by previous studies that different crash types are associated with traffic
and geometric characteristics in different ways (Kim et al., 2006b, 2007). Also, the crash risk
factors differ among different crash severity levels (El-Basyouny and Sayed, 2009b; Ma and
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Kockelman, 2006), and this supports the investigation of the crash contributing factors for different
crash types and severity levels. Therefore, investigating the contributing factors for different crash
types or severity levels by estimating separate count models for different crash types or severity
levels is of great importance since it provides better explanatory power compared to a single total
crash model. However, estimating a separate count model for each crash type or severity level may
result in inefficient and biased parameters because different crash types or severity levels may
share unobserved or omitted variables (Ye et al., 2009; Aguero-Valverde et al., 2016). As a result,
estimating a multivariate model, where crash counts at different crash types or severity levels are
modeled simultaneously, is necessary to handle the common unobserved factors and provides more
accurate parameter estimates. The multivariate models have been used widely in previous traffic
safety studies (Bijleveld, 2005; Ma and Kockelman, 2006; Song et al., 2006; Park and Lord, 2007;
Ma et al., 2008; El-Basyouny and Sayed, 2009b; Ye et al., 2009; Aguero-Valverde and Jovanis,
2009; Park et al., 2010; Aguero-Valverde, 2013; Barua et al., 2016; Aguero-Valverde et al., 2016).
In addition, some studies stated that the multivariate PLN regression model is superior to the other
models (multivariate Poisson and NB models) for two reasons. First, this type of model allows for
a more general correlation structure and accounts for over-dispersion (Ma et al., 2008). Second,
this model can account for the negative correlation as mentioned by El-Basyouny and Sayed
(2009a) and Park and Lord (2007). Therefore, the third and fourth objectives of this research focus
on providing a complete understanding of the contributing factors to crash counts of different types
and severity levels at intersections and roadway segments along corridors by estimating two
multivariate hierarchical spatial joint models. This model will account for the dependency among
responses and the hierarchical dependencies of the data.
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CHAPTER THREE: CRASH MODELING FOR INTERSECTIONS AND
SEGMENTS ALONG CORRIDORS USING RANDOM PARAMETERS
The work in this chapter is published at Analytic Methods in Accident Research Journal (Alarifi
et al., 2017).
3.1 Introduction
As discussed previously, many studies have analyzed safety at corridors with a focus on roadway
segments or intersections. However, having both components of corridors in addition to corridorlevel variables would provide a much better understanding of existing corridor safety problems
and the associated risk factors for crashes at intersections, roadway segments, and corridors in
general. Establishing and understanding this relationship between corridor component predictors
and risk variables is a key step to improve the safety and efficiency along corridors.

In addition, as discussed previously in Chapter 2, it is possible to include some corridor-level
variables in the model; however, it is uncommon to find corridor-level variables that have fixed
values for the entire length of corridors. Therefore, the logical division of corridors into subcorridors enables the fixed values to be maintained for the most important variables along subcorridors, thus probably allowing more significant variables to be added to the model. Moreover,
there are variations in roadway characteristics and/or traffic volumes across corridors (groups of
observations). The variations indicate that the effect of the explanatory variables varies across
corridors. This might be due to the possibility of omitting some important unobserved factors that
affect the likelihood of crashes, and these factors are not likely to be provided to the analyst. As a
result, accounting for observation specific variations in the explanatory factors will result in more
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accurate inferences than the traditional fixed parameters models (Mannering et al., 2016). One of
the popular approaches to account for such unobserved heterogeneity is to employ the random
parameters model, where we allow the estimated parameter in the model to vary across
observations following a specific continuous distribution.

To sum up, this study proposed a novel methodological approach that explores traffic safety at
roadway segments and intersections with the consideration of corridor-level variables and accounts
for the heterogeneity across corridors and sub-corridors. Therefore, Bayesian hierarchical joint
models with random corridor and sub-corridor parameters, which simultaneously model
intersection and roadway segment crashes have been estimated and compared to Bayesian joint
models with corridor and sub-corridor random effects terms.

3.2 Data Preparation
A total of 247 signalized intersections and 208 roadway segments along 20 corridors were selected
from Orange and Broward counties in the state of Florida. The number of signalized intersections
for each corridor varies from 5 to 28 intersections with an average of 12.35, and the number of
roadway segments per corridor varies from 4 to 25 segments with an average of 10.40. It should
be noted that the case of corridors where no intersections are present is possible but beyond the
scope of this study since all of the selected corridors contain signalized intersections and roadway
segments. Lastly, the average length of roadway segments, sub-corridors, and corridors is 0.327,
1.734, and 4.330 miles, respectively.
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3.2.1 Data Collection and Preparation for Intersections and Roadway Segments
Florida Department of Transportation (FDOT) provided many data sources, which were used to
identify the corridors and to get the needed data. The data sources include Roadway Characteristics
Inventory (RCI), Crash Analysis Reporting System (CARS), and signal four analytics (S4A). All
crash types and severity levels for all crashes within the study area can be obtained from the
system. The other source that has been used to get crash data is the S4A, which is an interactive,
web-based crash analytical system developed by GeoPlan Center at the University of Florida. In
addition, Geographic Information System (GIS) and Google Earth were used to validate some of
the locations and collect more roadway characteristics.

Massive effort and various data sources were required to achieve the study objectives. The crash
data was retrieved from the CARS, which is a large dataset from 2003 to the recent year,
maintained by FDOT. Crash data for three years (2010–2012) were collected for the selected
intersections and roadway segments with the criterion that intersection crashes are the crashes that
occurred at an intersection or were influenced by the intersection (within 250 feet from the
intersection milepost). The GIS was also used to locate intersections on a GIS map and to
differentiate between intersection and roadway segment crashes.

The RCI data, which is one of the FDOT’s database sources, is available from 2004 to this recent
year. Therefore, roadway characteristics prior to 2004 are not available in the RCI system. The
RCI system contains about 49 main variables, such as surface width, number of lanes, median
width and type, type of road, shoulder width and type, and posted speed. Moreover, Google Earth
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was used to collect additional detailed roadway design features of roadway segments and
intersections. The collected geometric design features at intersections include the total number of
lanes, number of through lanes at major and minor roads, number of exclusive right-turn and leftturn lanes at major and minor roads, distance between signalized intersections, number of legs,
major and minor posted speed limits, total number of access points within the influence area of
intersections, and median type and width at major and minor roads. Design feature data for
roadway segments includes the number of lanes, speed limit, median type and width, driveway
density, median opening density, presence of a bike lane, and segment length.

Crash data for three years (2010–2012) was collected for the selected intersections and roadway
segments along corridors with the criterion that intersection crashes are the crashes that occurred
at the intersection or were influenced by the intersection (within 250 feet from the intersection
milepost). ArcGIS was also used to locate intersections on a GIS map and to differentiate between
intersection and roadway segment crashes.

An effort has been made to categorize the independent variables, and some variables have been
tried in different forms to avoid the presence of strong correlation between independent variables
in the model. An example is that the total number of lanes at an intersection is highly correlated
with traffic volume; thus, we added an intersection size dummy variable. If the number of lanes is
equal to 19 lanes or more, then this dummy variable is equal to 1, which indicates that the size of
intersection is large. Otherwise, it is equal to 0, indicating that the size of intersection is small or
medium, and the categorization of this variable was applied in a previous study (Guo et al., 2010).
Also, the number of exclusive right-turn lanes at major and minor roads has been expressed as
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several variables, such as the presence of an exclusive right-turn lane at a major road, presence of
an exclusive right-turn lane at minor road, presence of an exclusive right-turn lane at both major
and minor roads, and presence of an exclusive right-turn lane only at a major road or only at a
minor road. Also, the posted speed is highly correlated with traffic volume. Therefore, the absolute
speed difference between the major and minor speed limits has been tried as a variable to test the
effect of intersecting a major road with another major or minor road. Table 3-1 shows the collected
roadway segments and intersections’ information

As part of the data preparation process, corridors were divided into sub-corridors using the
Random Forests (RF) machine learning technique proposed by Breiman (2000). This technique is
a well-known and very helpful tool for selecting important variables from a set of variables. It is
used commonly to find the importance of variables in a regression or classification problem. This
algorithm draws bootstrap samples from the original data and then grows a regression or
classification tree for each of the bootstrap samples. Here, it should be noted that each node in the
RF algorithm is split using the best split among a randomly chosen subset of variables at that node;
however, in standard trees, the node is split using the best split among all variables. This strategy
results in a good performance compared to many other classifiers, and it accounts for over-fitting
(Liaw and Wiener, 2002). Following this, the trees generalize their classification and are then
combined. The estimation of the variable importance is established by looking at the increment in
the prediction error when the data is not in the bootstrap sample (out-of-bag data) for that variable
is permuted while the other variables are fixed. The fulfillment of the needed calculations is
accomplished as the random forest is constructed.
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R package called “randomForest” has been used to get the importance of the explanatory variables,
and the most important variables were roadway classification, major AADT, minor AADT, and
major posted speed, respectively. The process of dividing corridors into sub-corridors was
accomplished based on these variables. The roadway classification, major AADT, and major
posted speed for each sub-corridor are consistent. The division of corridor into sub-corridor has
been accomplished using these four important variables. First, roadway classification is a
categorical variable, so a change in the roadway classification within a corridor means the start of
a new sub-corridor. With respect to the other three variables, all of them are continuous variables,
and the following has been done to account for their importance. In terms of minor AADT, a large
intersection is the beginning of a new sub-corridor if the previous intersections have low traffic
volumes on the minor road. Regarding major AADT and posted speed, the coefficient of variation
(COV) has been used to test the consistency of the major AADT and posted speed. The COV is
calculated as the standard deviation of the major AADT for the roadway segments in the current
sub-corridor divided by the average major AADT of the roadway segments in the current subcorridor. If the COV value exceeds 15%, this indicates the major AADT for this sub-corridor is
inconsistent. Therefore, the last included roadway segment should be removed from this subcorridor and becomes the start of a new sub-corridor. The same procedure has been done for major
posted speed. As a result, the 20 corridors have been divided into 50 sub-corridors with similar
traffic volumes and posted speeds.

3.2.2 Corridor and Sub-corridor Related Variables
Corridor and sub-corridor related variables include intersection density, speed limit, speed limit
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variation, driveway density, median opening density, and roadway classification. Descriptive
statistics of sub-corridor and corridors related variables are shown in Tables 3-2.
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Table 3-1: Summary Statistics of Intersections and roadway segments’ Collected
Information
Variable Name

Intersection
Variables
(N=247)

Mean

County (Orange=1, Broward=0)

0.510

Std.
Dev.
-

Major AADT (veh/day)
Minor AADT (veh/day)
Major Posted Speed (mph)
Minor Posted Speed (mph)
Absolute Speed Limit Difference
between Major and Minor Roads
(mph)
Intersection Size (1 if number of
lanes>=19, 0 otherwise)

33857
11025
40.02
32.20
8.097

17163
8983
6.431
6.648
7.001

2100
1600
25
20
0

76500
41000
50
50
25

0.178

-

0

1

Presence of Exclusive Right-Turn
Lane at Both Approach on Major
Roads (1=Yes, 0=No)

0.429

-

0

1

Presence of Exclusive Right-Turn
Lane at Both Approach on Minor
Roads (1=Yes, 0=No)

0.275

-

0

1

Presence of Exclusive Left-Turn
Lane at Both Approach on Major
Roads (1=Yes, 0=No)

0.745

-

0

1

Presence of Exclusive Left-Turn
Lane at Both Approach on Minor
Roads (1=Yes, 0=No)

0.542

-

0

1

Number of legs (4 legs=1, 3 legs=0)

0.903

-

0

1

Number of Through Lanes at Major
Roads

4.842

1.383

2

7

Number of Through Lanes at Minor
Roads

2.680

1.492

0

6

Presence of Median at Major Roads
(1=Yes, 0=No)

0.822

-

0

1

Presence of Median at Minor Roads
(1=Yes, 0=No)

0.546

-

0

1
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Min.

Max.

0

1.0

Mean

Median Width at Major Road (ft)

11.17

Std.
Dev.
9.861

Median Width at Minor Road (ft)

6.968

9.249

0

52

Distance to nearest Intersection (ft)

1664

1113

244

5879

Total Number of Access Points
within the Inf. Area of Intersection

2.878

2.517

0

12

Number of Crashes

35.32

39.05

0

260

AADT (veh/day)

34532

16661

2100

76500

Truck AADT (veh/day)

1436

91

4544

Proportion of Trucks in Traffic (%)

4.195

920.1
0
1.262

1.10

9.2

Posted Speed (mph)

40.86

5.956

25

50

Median Width (ft)

17.87

11.40

0
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Presence of Bike lane (1=Yes, 0=No)

0.481

-

0

1

Driveway Density (No. of
driveways/mile)

28.64

39.91

0

310.58

Median Opening Density (No. of
median openings/mile)

4.977

0.258

0

52.02

Segment Length (mile)

0.327

0.258

0.003

1.367

Roadway Classification (Principal
Arterial=1, others=0)

0.745

-

0

1

Pavement Condition (1= Very Good,
0=Good)

0.400

-

0

1

Number of Crashes

14.44

15.85

0

82

Variable Name

Intersection
Variables
(N=247)

Roadway
Segment
Variables
(N=208)
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Min.

Max.

0
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Table 3-2: Summary Statistics of Corridors and Sub-corridors’ Collected Information

Subcorridor
Variables
(N=50)

Corridor
Variables
(N=20)

Variable Name
Average AADT (veh/day)
Signalized Intersection Density
(No. of intersections/mile)
Average Posted Speed (mph)
Median opening Density (No. of
median openings /mile)
Driveway Density (No. of
driveways /mile)
One-way Roads (1= One-way, 0=
Two-way)
Length (mile)
Number of Intersections
Number of Roadway Segments
Number of Crashes
Average AADT (veh/day)
Signalized Intersection Density
(No. of intersections/mile)
Average Posted Speed (mph)
Median opening Density (No. of
median openings/mile)
Driveway Density (No. of
driveways/mile)
One-way Roads (1= One-way, 0=
Two-way)
Length (mile)
Number of Intersections
Number of Roadway Segments
Number of Crashes

Mean
33667
3.809

Std. Dev.
16280.95
2.679

Min.
2100
1.316

Max.
67000
12.01

40.588
4.901

5.476
3.637

30
0

50
21.28

13.200

7.033

1.502

0.12

-

0

41.43
7
1

1.734
4.94
4.160
234.58
29858.27
4.126

1.003
2.0544
1.888
213.951
20071.25
2.886

0.217
2
1
15
2300
1.407

4.550
12
11
1229
66258
10.78

39.200
3.865

6.507
2.667

30
0

11.805

3.433

5.21

50
10.221
0
17.89

0.15

-

0

1

4.330
12.350
10.400
585.500

2.758
5.234
5.295
459.667

0.943
5
4
35

9.239
28
25
1516

3.3 Methodology
The data structure used in this study can be viewed as a two-level hierarchy structure as shown in
Figure 3-1, where level one represents corridor-level or the proposed sub-corridor-level instead of
corridor-level, and level two represents the intersection and roadway segment-level.
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Figure 3-1: The Hierarchical Structure of the Data

3.3.1 Hierarchical Poisson-lognormal (HPLN) Joint Model
The PLN models are typically implemented using the Bayesian approach. Recent highway safety
studies applied the PLN models (Serhiyenko et al., 2016; Huang et al., 2017; Wang et al., 2017).
The HPLN Joint model is specified as follows:
𝑌𝑖𝑗 |𝜆𝑖𝑗 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 (𝜆𝑖𝑗 )

(3-1)

Where, 𝑌𝑖𝑗 is the crash frequencies at intersection/segment 𝑖=1, 2,. . ., 𝑛 from corridor 𝑗=1, 2, …,
𝑚 , 𝜆𝑖𝑗 is the Poisson parameter, which is equal to the expected number of crashes for
intersection/segment 𝑖 in corridor 𝑗.

To address the over-dispersion for unobserved or unmeasured heterogeneity, and the random effect
across corridors or sub-corridors, it is assumed that:
𝜆𝑖𝑗 = 𝜇𝑖𝑗 𝑒𝑥𝑝(𝜀𝑖𝑗 ) 𝑒𝑥𝑝(𝑢𝑗 )

(3-2)

log( 𝜇𝑖𝑗 ) = 𝐼𝑛𝑡𝑖𝑗 + 𝑆𝑒𝑔𝑖𝑗 + 𝐶𝑜𝑟𝑗

(3-3)

𝜀𝑖𝑗 ~ 𝑁(0, 𝜏𝜀 )

(3-4)

𝑢𝑗 ~ 𝑁 (0, 𝜎𝑢 2 )

(3-5)
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Where exp(𝜀𝑖𝑗 ) is a multiplicative random effect, and it follows a lognormal distribution. 𝜏𝜀 is the
precision, which is the inverse of the variance, and it controls the extra-Poisson variation (Lawson
et al., 2003) and has a hyper-prior Gamma (0.001, 0.001). With respect to 𝑢𝑗 , it represents the
random effect across corridor or sub-corridors, and it has a mean of 0 and a variance of 𝜎𝑢 2 , which
represents the additional variation across corridors or sub-corridors. The variance parameter for 𝑢𝑗
is specified as a Gamma prior distribution (0.001, 0.001). 𝐼𝑛𝑡𝑖𝑗 represents the significant
intersection explanatory variables as shown in Equation (3-6), 𝑆𝑒𝑔𝑖𝑗 represents the significant
roadway segment explanatory variables as shown in Equation (3-7), and 𝐶𝑜𝑟𝑗 is the corridor or
sub-corridor components as shown in Equation (3-8). Lastly, two Bayesian models have been
estimated under this structure, and those are the HPLN joint model with corridor random effects
term, and the HPLN joint model with sub-corridor random effects term.
𝐼𝑛𝑡𝑖𝑗 = (𝛽𝐼𝑛𝑡 𝑋𝐼𝑛𝑡,𝑖𝑗 ) × 𝜈𝑖𝑗

(3-6)

Where 𝑋𝐼𝑛𝑡,𝑖𝑗 is a vector of intersection explanatory variables for intersection 𝑖 in corridor 𝑗, 𝛽𝐼𝑛𝑡
is a vector of estimable parameters for a vector of explanatory variables 𝑋𝐼𝑛𝑡,𝑖𝑗 , and 𝜈𝑖𝑗 is a dummy
variable with a value of 1 at intersection data points and a value of 0 at roadway segment data
points. This dummy variable has been used to differentiate between intersection and roadway
segments data points.
𝑆𝑒𝑔𝑖𝑗 = (𝛽𝑆𝑒𝑔 𝑋𝑆𝑒𝑔,𝑖𝑗 + ln(𝑙𝑖𝑗 )) × (1 − 𝜈𝑖𝑗 )

(3-7)
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Where 𝑋𝑆𝑒𝑔,𝑖𝑗 is a vector of roadway segment explanatory variables for roadway segment 𝑖 in
corridor 𝑗, 𝛽𝑆𝑒𝑔 is a vector of estimable parameters for a vector of explanatory variables 𝑋𝑆𝑒𝑔,𝑖𝑗 ,
and 𝑙𝑖𝑗 is the length of segment 𝑖 in corridor 𝑗. Here, ln(𝑙𝑖𝑗 ) is used as an offset for roadway
segments, so the coefficient of this term was constrained to 1 and consequently the resulting model
predicts crash counts per mile. The offset is used to normalize the predicted number of crashes
since what we are modeling here is crash frequencies, not rates.
𝐶𝑜𝑟𝑗 = 𝛽𝑐𝑜𝑟 𝑋𝑐𝑜𝑟,𝑗

(3-8)

Where 𝑋𝑐𝑜𝑟,𝑗 is a vector of corridor or sub-corridor explanatory variables for corridor or subcorridor 𝑗 and 𝛽𝑐𝑜𝑟 is a vector of estimable parameters for a vector of explanatory variables 𝑋𝑐𝑜𝑟,𝑗 .
A non-informative prior followed a normal distribution with a mean of 0 and variance of 100,000
was given for all parameter coefficients.

3.3.2 HPLN Joint Model with Random Parameters
Random parameters models are capable of allowing all regression coefficients (including the
intercept) to vary randomly across corridors or sub-corridors. The specification of the HPLN joint
model is as follows:
𝜆𝑖𝑗 = 𝜇𝑖𝑗 𝑒𝑥𝑝(𝜀𝑖𝑗 )

(3-9)

log( 𝜇𝑖𝑗 ) = 𝐼𝑛𝑡𝑖𝑗 + 𝑆𝑒𝑔𝑖𝑗 + 𝐶𝑜𝑟𝑗

(3-10)

To allow for random parameters, the estimable parameters can be written as shown in Equations
(3-11) to (3-14) (Anastasopoulos and Mannering, 2009).
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𝐼𝑛𝑡𝑖𝑗 = (𝛽𝑗,𝐼𝑛𝑡 𝑋𝐼𝑛𝑡,𝑖𝑗 ) × 𝜈𝑖𝑗

(3-11)

𝑆𝑒𝑔𝑖𝑗 = (𝛽𝑗,𝑆𝑒𝑔 𝑋𝑆𝑒𝑔,𝑖𝑗 + ln(𝑙𝑖𝑗 )) × (1 − 𝜈𝑖𝑗 )

(3-12)

𝐶𝑜𝑟𝑗 = 𝛽𝑗,𝑐𝑜𝑟 𝑋𝑐𝑜𝑟,𝑗

(3-13)

Where,
𝛽𝑗,𝑆 = 𝛽𝑆 + 𝜔𝑗 ,

𝑆= 𝐼𝑛𝑡, 𝑆𝑒𝑔, 𝑜𝑟 𝐶𝑜𝑟

(3-14)

Where 𝛽𝑆 is mean estimated parameter across observations. 𝜔𝑗 is a randomly distributed term with
a mean of 0 and variance of 𝜎𝜔 2 , which captures the unobserved heterogeneity. Previous studies
have considered many distributions, and it was found that the normal distribution provides the best
statistical fit (Milton et al., 2008; Anastasopoulos and Mannering, 2009).

3.3.3 Model Comparisons and Goodness-of-fit
Examining the significance of the variables included in the model is the first step in model
evaluation, so the estimated coefficient for each independent variable has to be statistically
significant. Also, deviance information criterion (DIC) is used to evaluate the fit of the models
since it offers a Bayesian measure of model fitting and complexity (Spiegelhalter et al., 2002).
̅ + 𝑃𝐷
𝐷𝐼𝐶 = 𝐷

(3-15)

̅ is the posterior mean of D, and it could be taken as a goodness-of-fit measure. 𝑃𝐷 is the
Where 𝐷
effective number of parameters, and it gives an indication of the complexity of the model.
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3.4 Modeling Results
The correlations between explanatory variables were calculated using Pearson product-moment
and Spearman’s rank-order methods. Pearson product-moment method is a statistical measure of
the strength of a linear relationship between two explanatory variables, and Spearman’s RankOrder method is a nonparametric measure of the strength of a relationship when a ranked variable
is involved. Having both measures of correlation help in identifying linear as well as non-linear
but monotonic relationships. Highly correlated independent variables can result in a high standard
error. Also, the presence of multicollinearity between the explanatory variables can result in a
wrong sign of the coefficient, and adding or dropping a correlated explanatory variable could cause
a change in the direction and/or magnitude of the other explanatory variables. According to Evans
(1996), the correlation between two variables is considered high if the absolute value of correlation
coefficient is 0.6 or above. In an existence of a high correlation, the most significant variable was
kept in the model, and the other correlated variables were dropped.

All models in this study were estimated using the Bayesian approach. Bayesian inference usually
employs a Markov Chain Monte Carlo (MCMC) algorithm to draw samples from the targeted
posterior distribution of the parameters (Carlin and Louis, 2000). WinBUGS, an open source
statistical software, was used to provide a computing approach for developing Bayesian models
(Spiegelhalter et al., 2002). The posterior summaries were obtained by a chain with 100,000
iterations, and 10,000 of which were discards as a burn-in sample. The model convergence was
assessed by inspection of the kernel density and trace plots (Cowles, 2013).

53

Table 3-3 shows the posterior summary of the four Bayesian models with different complexity
levels. These models are HPLN joint model with corridor-level random effects term, HPLN joint
model with sub-corridor-level random effects term, and HPLN joint model with random parameter
among corridors and sub-corridors. In the four models, there are some significant variables with
respect to roadway segments, intersections, and corridors. Also, a model comparison was
conducted using DIC to evaluate the fit of the models and to identify the model that provides the
best fit of the data. The 95% Bayesian Credible Interval (BCI) is used to check the significance of
the variables. Variable estimations can be considered insignificant if the BCI covers 0 and vice
versa (Gelman et al., 2014). Few variables were significant only at 90% BCI, and they are clearly
shown in Table 3. One-way roads and intersection density variables in the two HPLN joint models
with random parameters were not found to be significant.

Table 3-4 shows comparisons of the four Bayesian models using DIC. Lower DIC value indicates
a better model fit. In general, the two HPLN joint models with random parameters perform better
than the two HPLN joint models with random effects. Also, the HPLN joint model with subcorridor random effects term is better than the HPLN model with corridor random effects term.
Lastly, The HPLN joint model with random sub-corridor parameters provides the best fit of the
data among the four models. As a result, dividing corridors into sub-corridors and accounting for
that in the model are useful and provide a better fit, especially if the variations in the variables
within corridors are high. Also, accounting for the variation of the variables across subcorridors/corridors provides an adequate model compared to random effects term models.
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Table 3-3: Posterior Summary of Bayesian Hierarchical Model Fitting

Variable
Intercept
County

Corridorlevel

s.d. of Parameter Dist.
Corridor Driveway
Density
s.d. of Parameter Dist.
Corridor Intersection
Density
s.d. of Parameter Dist.
Sub-corridor
Driveway Density
s.d. of Parameter Dist.
Sub-corridor
Intersection Density
s.d. of Parameter Dist.
Intercept

HPLN with Corridor
RE
Mean
95% BCI
(s.d.)
-5.818 (-8.286, -3.800)
(1.077)
0.305#
(-0.031, 0.653)
(0.173)
0.031
(0.014)

(0.003, 0.063)

0.038#
(0.022)

(-0.005, 0.081)

HPLN with Sub-corridor
RE
Mean
95% BCI
(s.d.)
-5.294
(-8.604, -2.004)
(1.727)
0.304
(0.055, 0.555)
(0.127)

NA

0.046
(0.018)

(0.012, 0.081)

0.038
(0.014)

(0.010, 0.067)

NA

Log (Minor AADT)
s.d. of Parameter Dist.
Absolute Speed Limit
Difference
s.d. of Parameter Dist.
Sub-corridor Median
Opening Density

95% BCI
(-8.632, -1.636)
(-0.024, 0.781)
(0.024, 0.299)
(0.005, 0.039)

NA

(0.016, 0.043)

NA

-2.271
(1.261)

(-4.756, 0.036)

-2.296
(1.778)

(-5.724, 1.453)

0.671
(0.100)

(0.473, 0.852)

0.609
(0.091)

(0.399, 0.774)

0.455
(0.071)

(0.319, 0.586)

0.442
(0.071)

(0.314, 0.592)

-0.034
(0.008)

(-0.049, -0.018)

-0.034
(0.007)

(-0.048, -0.019)

-0.038
(0.016)

(-0.068, -0.006)

-1.448
(1.864)
0.1442
0.568
(0.0996)
0.0367
0.469
(0.073)
0.040
-0.032
(0.012)
0.0334

NA
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0.030#
(0.016)
0.022

(-0.001, 0.063)
(0.013, 0.033)

Insignificant

s.d. of Parameter Dist.
Intersection
-level

Mean
(s.d.)
-5.061
(1.744)
0.370#
(0.222)
0.1062
0.022
(0.013)
0.026

HPLN with Sub-corridor
RP
Mean
95% BCI
(s.d.)
-4.927
(-7.937, -1.61)
(1.722)
0.335
(0.015, 0.652)
(0.162)
0.111
(0.025, 0.313)

Insignificant

s.d. of Parameter Dist.
Log (Major AADT)

HPLN with Corridor RP

(-4.948, 1.675)
(0.025, 0.462)
(0.362, 0.761)
(0.018, 0.067)
(0.330, 0.626)
(0.019, 0.077)
(-0.056, -0.008)
(0.018, 0.0557)
NA

-2.178
(1.664)
0.097
0.572
(0.108)
0.026
0.474
(0.078)
0.028
-0.033
(0.009)
0.025
-0.052#
(0.030)

(-5.302, 1.72)
(0.024, 0.266)
(0.339, 0.773)
(0.015, 0.041)
(0.309, 0.619)
(0.016, 0.047)
(-0.052, -0.014)
(0.015, 0.039)
(-0.111, 0.007)

Variable

Intersection
-level

s.d. of Parameter Dist.
Corridor Median
Opening Density
s.d. of Parameter Dist.
No. of access points
within the influence
area of intersection
s.d. of Parameter Dist.
Log (AADT)

HPLN with Corridor
RE
Mean
95% BCI
(s.d.)

HPLN with Sub-corridor
RE
Mean
95% BCI
(s.d.)

-0.059#
(0.031)

(-0.119, 0.006)

0.052
(0.018)

(0.0162, 0.088)

0.039
(0.018)

(0.003, 0.075)

0.792
(0.105)

(0.596, 1.034)

0.718
(0.166)

(0.401, 1.036)

0.015
(0.002)

(0.010, 0.019)

0.014
(0.0023)

(0.009, 0.018)

-1.297
(0.477)

(-2.277, -0.398)

NA

s.d. of Parameter Dist.
Driveway Density
Segmentlevel

Random
Effect
terms

s.d. of Parameter Dist.
One-way Roads
s.d. of Parameter Dist.
Roadway
Classification
s.d. of Parameter Dist.
s.d. of random effect
(𝜀)
s.d. of corridor random
effect (𝑢)

- 1.250
(0.482)

(- 2.238, 0.346)

Mean
(s.d.)

95% BCI

-0.106#
(0.067)
0.058
0.052
(0.024)
0.054
0.712
(0.172)
0.037
0.022
(0.007)
0.024

(-0.242,0.007)
(0.020, 0.133)
(0.003, 0.0997)

(0.022, 0.108)
(0.374, 1.057)
(0.0188, 0.065)
(0.007, 0.037)
(0.014, 0.038)

HPLN with Sub-corridor
RP
Mean
95% BCI
(s.d.)
0.037
(0.018, 0.068)
NA

0.038
(0.018)

(0.002, 0.080)

0.044
0.698
(0.166)
0.027
0.013
(0.005)
0.0164

(0.019, 0.085)
(0.377, 0.984)

Insignificant

0.380
(0.182)

(0.024,0.734)

0.362
(0.180)

(0.009, 0.721)

0.605
(0.027)
0.284
(0.076)

(0.553, 0.661)

0.576
(0.028)
0.301
(0.055)

(0.524, 0.633)

(0.157,0.457)

HPLN with Corridor RP

(0.211, 0.425)

0.888
(0.293)
0.183
0.542
(0.028)
0.129
(0.080)

(0.314, 1.463)
(0.014, 0.549)
(0.490, 0.599)
(0.025, 0. 373)

(0.011, 0.023)

Insignificant
0.666
(0.227)
0.117
0.540
(0.029)
0.092
(0.058)

# Significantly different from zero at 90% BCI, and all other variables are significantly different from zero at 95%
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(0.016, 0.043)
(0.003, 0.023)

(0.219, 1.117)
(0.024, 0.335)
(0.486, 0.600)
(0.023, 0. 244)

Table 3-4: Model Comparison using DIC
̅
𝑫

𝑷𝑫

DIC

HPLN with Corridor RE

2464.99

356.834

2821.82

HPLN with Sub-corridor RE

2461.810

354.461

2816.27

HPLN with Corridor RP

2463.28

350.422

2813.70

HPLN with Sub-corridor RP

2451.97

355.427

2807.40

Model

3.4.1 Significant Variables in the Model
With respect to roadway segments-related variables, there were four significant variables in the
two HPLN joint models with random effects and three variables in the two HPLN joint models
with random parameters. The four variables are natural log of AADT, driveway density, one-way
roads versus two-way roads, and roadway classification (principal arterial versus others). The oneway roads versus two-way roads variable was insignificant in the HPLN models with random
parameters. In terms of signalized intersections-related variables, there were five significant
variables, which are natural log of major AADT, natural log of minor AADT, absolute speed limit
difference between major and minor roads, total number of access points within the influence area
of intersections, and median opening density for corridors/sub-corridors. Lastly, with respect to
corridor/sub-corridor-related variables, there were three significant variables, which are county
(Orange versus Broward), driveway density for corridors/sub-corridors, and intersection density
for corridors/sub-corridors. It should be noted that some corridor variables have been examined at
their levels and at level two (intersection and roadway segment-level) to see their specific effect
at intersections, roadway segments, or both. Table 3-3 summarizes the parameter estimated and
their 95% BCI for the different Bayesian models.
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In terms of significant variables for roadway segments, the natural log of AADT was found to be
positively associated with crash occurrence at roadway segments, which is consistent with
previous studies (Poch and Mannering, 1996; Abdel-Aty and Radwan, 2000; Chin and Quddus,
2003). Driveway density plays an important role in the safety of roadway segments and
significantly contributes to crashes at roadway segments. As driveway density increases, the
number of total crashes increases, and this is what was found by previous studies (Brown and
Tarko, 1999; Mouskos et al., 1999; Eisele and Frawley, 2005). Further, the one-way roads variable
is statistically significant, and it is associated with a fewer number of crashes compared to twoway roads, which is also what was found in previous studies (Persaud et al., 1997; Xie et al., 2013).
Lastly, it was found that principal arterial roads tend to have more crashes than minor arterials and
collectors, and this may be because traffic volume and posted speed are usually higher in principal
arterial than other roadway classes.

With respect to significant variables for signalized intersections, the natural log of major and minor
AADTs were significant, and they have a positive association with crash occurrence at signalized
intersections, as expected. Also, it was found that, as the absolute speed limit difference between
major and minor roads increases, the total crashes decrease, and this is because the high absolute
speed limit difference indicates that the minor road is small. In our data, most of the corridors have
a relatively high posted speed. As a result, intersections of two roadways with the same high posted
speed experience more crashes than those of medium or low posted speeds. Interestingly, it was
found that, as the number of median openings increases for corridors/sub-corridors, the number of
crashes at signalized intersections decreases. This is due to the fact that the median openings along
roadway segments reduce conflicts and interruptions of traffic flow at intersections, especially the
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turning traffic. Lastly, the total number of access points within the influence area of intersections
were positively associated with the crash occurrence, as the number of access points within the
influence area of intersections increases, the total number of crashes also increases. This finding
is consistent with a previous study by Kim and Washington (2006).

Regarding corridors/sub-corridor related variables, it was found that Orange County corridors have
a higher crash frequency than Broward County. Also, it was found that, as the driveway density
for corridors/sub-corridor increases, the number of crashes increases. This finding is consistent
with earlier studies (Wang et al., 2015; Greibe, 2003). Lastly, intersection density for
corridors/sub-corridors is positively associated with crashes, and this result is consistent with
previous studies (El-Basyouny and Sayed, 2009a; Wei and Lovegrove, 2013).

3.5 Summary and Conclusions
This study contributes to the growing body of research on corridor safety at multiple levels. First,
it proposes a HPLN joint model, which includes intersection, roadway segment, and corridor
variables in a hierarchical joint model. This model simultaneously estimates crashes at
intersections and roadway segments along corridors, and this provides a new methodological
perspective for corridor studies by taking into account both road entities in a joint model. As a
result, it helped to better understand the existing safety problems at intersections and roadway
segments along corridors. Also, the effects of dividing corridors into homogenous sub-corridors
and variable variations across corridors/sub-corridors have been investigated. A total of 247
signalized intersections and 208 roadway segments along 20 corridors in Florida were selected for
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model development and comparison. A total of four models have been estimated: the HPLN joint
model with random corridor parameters, the HPLN joint model with random sub-corridor
parameters, the HPLN joint model with spatial corridor random effects term, and the HPLN joint
model with spatial sub-corridor random effects term.

The DIC was used for model assessment, and it was found that the HPLN joint model with random
sub-corridor parameters provides the best fit of the data, which indicates the usefulness of dividing
corridors into sub-corridors especially if the variation of the variables within corridors is high.
Also, accounting for the variation of the variables across corridors/sub-corridors, by estimating
random sub-corridors/corridors parameters models, provides a more adequate model compared to
random effect term models.

With respect to the four estimated models, the significant roadway segment-related variables are
the natural log of AADT, driveway density, and roadway classification (principal arterial versus
others). Regarding the intersection significant variables, they are natural log of major and minor
AADTs, absolute speed limit difference between major and minor roads, total number of access
points within the influence area of intersections, and median opening density for corridors/subcorridors. Lastly, the significant corridor/sub-corridor-level variables are county (Orange versus
Broward) and corridor/sub-corridor intersection density.

By examining the model outputs, the following conclusions were reached:


As the number of median opening increases for corridors/sub-corridors, the number of crashes
at intersections decreases since the median openings along a roadway reduce the conflicts and
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interruptions of traffic flow at intersections. As a result, the number, type, and location of
median openings should be carefully analyzed.


As the absolute speed limit difference between major and minor roads increases, the total
crashes decrease since a high absolute speed limit difference indicates that the minor road is
small. This also indicates that intersections of two high posted speed roadways experience
more crashes than those of a low and a medium posted speed.



Presence and number of access points within the influence area of intersections significantly
affect crashes at intersections. This result indicates the importance of a corner clearance
concept, which represents the minimum distance required between a driveway and an
intersection along corridors (Qu et al., 2015).
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CHAPTER FOUR: EXPLORING THE EFFECT OF DIFFERENT
NEIGHBORING STRUCTURES
The work in this chapter is accepted for publication at Transportation Research Record: Journal
of Transportation Research Board (Alarifi et al., 2018a).
4.1 Introduction
As discussed in Chapter 2, there is a high probability of a spatial correlation presence among the
road entities along corridors, especially when the distance between them is not large since they
have similar roadway and driver characteristics (Guo et al., 2010). Also, it was found that road
entities that belong to the same corridor have stronger spatial correlations (Aguero-Valverde and
Jovanis, 2010). In addition, scholars stated that adjacent signals along certain corridors when the
distances between them are 0.5 miles or less are likely to be coordinated in most situations
(Rodegerdts et al., 2004). Lastly, the spatial effects can be surrogate for unknown and relevant
covariates (Cressie, 2015). Therefore, it is crucial to consider the spatial effects in the model, and
accounting for it has become a key element in the development of traffic crash models with close
proximity of road entities (Lesage and Pace, 2009; Guo et al., 2010; Aguero-Valverde and Jovanis,
2010).

Previous studies have investigated the effect of different neighboring structures on different road
entities. Aguero-Valverde and Jovanis (2010) investigated the effect of different roadway segment
neighboring structures in road crash models. A full Bayes hierarchical CAR model has been
estimated to account for the spatial autocorrelation. Many weight matrices have been compared,
and the authors found that the spatial correlation becomes more significant in distance of one mile
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or less. Also, roadway segments that belong to the same corridor have a stronger spatial correlation.
Regarding intersections, a commonly used inverse distance function was adopted in many studies
(Mitra, 2009; Guo et al., 2010). In addition, Dong et al. (2015) assessed the spatial proximity
effects in predicting traffic crashes at the level of traffic analysis zones.

To sum up, while previous corridor studies have investigated many issues on a sole type of road
entity, this study aims to estimate a Bayesian hierarchical Poisson-lognormal joint model with
spatial effects that contains main corridor components, which are segments and intersections in
addition to corridor-level variables. In addition, it aims to explore the effect of different
neighboring structures on the joint model.

4.2 Data Preparation
The same data sources have been used as explained in Chapter 3. However, the collected data here
is different than the data in Chapter 3. Many collectors have been excluded from the data and
replaced with principal and minor arterials. As a result of the data collection process, a total of 255
signalized intersections and 220 roadway segments along 20 corridors were selected from Orange
and Broward counties in the state of Florida. Roadway segments and corridors have an average
length of 0.372 and 4.976 miles, respectively. The number of roadway segments for corridors
varies from 4 to 25 with an average of 11 segments, and the number of signalized intersections for
corridors varies from 5 to 28 with an average of 12.75 intersections. The following sections
describe the data collection and preparation process. Figure 4-1 shows the location of the two
counties in Florida. Figures 4-2 and 4-3 show the locations of the selected intersections in both
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counties.

Figure 4- 1: Location of Orange and Broward Counties in the State of Florida
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Figure 4- 2: Selected Corridors in Orange County
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Figure 4- 3: Selected Corridors in Broward County

An effort has been made to prepare the data as explained in Chapter 3. Table 4-1 shows the
descriptive statistics of roadway segment and intersection related variables. Regarding corridor
variables, many variables have been considered, and these variables include roadway
classification, intersection density, driveway density, average posted speed, median opening
density, county, truck percentage, and average segment length. A summary of the descriptive
statistics of corridor related variables are listed in Table 4-2.
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Table 4- 1: Summary Statistics of Intersections, Segments, and Corridors’ Collected
Information
Attributes

Intersections
(N=255)

Mean

S.d.

Min.

Max.

Major road AADT (veh/day)

36996

15465

2100

76500

Minor road AADT (veh/day)

12354

10181

1600

54000

Number of legs (4 legs=1, 3 legs=0)

0.902

0.298

0

1

Major Posted Speed (mph)

41.274

5.598

30

50

Minor Posted Speed (mph)

33.196

7.160

20

50

Absolute Speed Limit Difference
between Major and Minor Roads
(mph)

8.549

7.116

0

25

Intersection Size (1 if number of lanes
from all approaches>=19, 0 otherwise)

0.204

0.404

0

1

Number of Through Lanes at Major
Roads

5.016

1.270

2

7

Number of Through Lanes at Minor
Roads

2.698

1.539

0

6

Presence of Exclusive Right-Turn
Lane on Major Roads (1=Yes, 0=No)

0.553

0.498

0

1

Presence of Exclusive Right-Turn
Lane on Minor Roads (1=Yes, 0=No)

0.623

0.485

0

1

Presence of Exclusive Left-Turn Lane
on Major Roads (1=Yes, 0=No)

0.886

0.318

0

1

Presence of Exclusive Left-Turn Lane
on Minor Roads (1=Yes, 0=No)

0.831

0.375

0

1

Presence of Median at Major Roads
(1=Yes, 0=No)

0.882

0.322

0

1

Presence of Median at Minor Roads
(1=Yes, 0=No)

0.616

0.487

0

1

Number of Driveways within the
Influence Area of Intersection

2.843

2.514

0

12
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Attributes

Roadway
segments
(N=220)

Mean

S.d.

Min.

Max.

AADT (veh/day)

36974

14450

2500

67000

Posted Speed (mph)

41.932

5.081

30

50

Median Width (ft)

19.150

10.180

0

44.00

Driveway Density (No. of
driveways/mile)

24.583

37.067

0

310.6

Median Opening Density (No. of
median openings/mile)

4.872

4.257

0

29.66

Presence of Bike Lane (1=Yes, 0=No)

0.414

0.494

0

1

Segment Length (mile)

0.372

0.325

0.003

3.357

Signalized Intersection Density (No. of
intersections/mile)

3.362

2.496

1.304

10.78

Posted Speed Variance (mph)

6.674

6.740

0

24.36

Standard deviation of distance
between intersections (mile)

0.229

0.166

0.034

0.934

Roadway Classification (Principal
arterial=1, minor arterial =0)

0.678

0.468

0

1

Percentage of Heavy Trucks

Corridors
(N=20)
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Table 4- 2: Summary of Descriptive Statistics for Corridors
Variable Name

Mean

S.d.

Min.

Max.

Signalized Intersection Density (No. of
intersections/mile)

3.362

2.496

1.304

10.780

Average Posted Speed (mph)

40.700

5.882

30

50

Standard deviation of distance between
intersections (mile)

0.229

0.166

0.034

0.934

Roadway Classification (Principal arterial=1,
minor arterial =0)

0.678

0.468

0

1

Length (mile)

4.976

2.497

1.205

9.239

Number of Intersections

12.75

4.940

4

28

Number of Roadway Segments

11

4.877

5

25

Number of Crashes

679.8

422.23

59

1516

Although a large number of variables were collected, only some of them have been considered in
the final model since some of the variables are highly correlated and excluded from the final model.
If the absolute value of correlation coefficient is 0.6 or above, then the correlation between the two
independent variables is considered high (Evans, 1996). Tables 4-3 and 4-4 present the correlation
coefficient matrices for the independent variables.

Also, some of the variables were included in a categorical form as shown in Table 4-1, and other
variables have been tried in different forms, especially the correlated ones, such as absolute speed
limit difference between major and minor roads. The correlation between this variable and traffic
volume is low; however, major posted speed is highly correlated with major AADT, and minor
posted speed is highly correlated with minor AADT. As a result, these two variables have been
combined into one meaningful variable.
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Table 4- 3: Pearson Correlation Matrix for Intersection and Corridor explanatory variables
Log (Maj.
AADT)

Log (Min.
AADT)

Abs. Speed
Difference

Int.
Size

Driveways
within Int.

Med. Width
Maj.

Std. of distance
bet. Int

Avg. Seg.
Length

Roadway
Classif.

Log(Major
AADT)

1.0000

Log(Minor
AADT)

0.4044

Abs. Speed
Difference

0.2884

-0.2780

<.0001

<.0001

Int. Size

0.2726

0.4729

-0.3214

<.0001

<.0001

<.0001

Driveways within
Int.

-0.0883

-0.0516

-0.1381

-0.0692

0.1597

0.4115

0.0274

0.2709

Med. Width Maj.

0.3703

0.2260

0.2972

0.0497

-0.0389

<.0001

0.0003

<.0001

0.4287

0.5363

Std. of distance
bet. Int

0.2664

0.1718

0.0305

0.1008

-0.2124

0.0420

<.0001

0.0059

0.6271

0.1082

0.0006

0.5038

avg_seg_length

0.4066

0.2813

0.0697

0.1756

-0.2953

0.0874

0.8040

<.0001

<.0001

0.2671

0.0049

<.0001

0.1637

<.0001

0.1554

0.0527

0.2045

-0.0309

0.1184

0.2061

-0.3782

-0.4045

0.0130

0.4018

0.0010

0.6223

0.0589

0.0009

<.0001

<.0001

-0.2949

-0.1499

0.0104

-0.1622

0.2222

0.2989

0.0289

-0.3092

-0.1085

<.0001

0.0166

0.8684

0.0094

0.0003

<.0001

0.6457

<.0001

0.0836

Roadway Classif.

County

County

1.00000

<.0001
1.0000

1.0000

1.0000
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1.0000

1.0000

1.0000

1.0000

1.0000

Table 4- 4: Pearson Correlation Matrix for Roadway Segment and Corridor explanatory variables
Log(AADT)

Driveway
Density

Median
Opening
Density

Log (Truck
AADT)

County

Std. of
distance bet.
Int

Avg. Seg.
Length

Roadway
Classif.

Log (AADT)

1.00000

Driveway
Density

-0.51476

Median
Open.
density

0.07767

-0.14196

0.2513

0.0354

Log (truck
AADT)

0.57026

-0.37908

0.04860

<.0001

<.0001

0.4733

County

-0.25196

0.28617

-0.16456

-0.07300

0.0002

<.0001

0.0145

0.2810

Std. of
distance bet.
Int

0.22174

-0.28746

0.01641

0.07467

0.08410

0.0009

<.0001

0.8088

0.2701

0.2141

Avg. Seg.
Length

0.42011

-0.50219

0.14104

0.22246

-0.25052

0.79459

<.0001

<.0001

0.0366

0.0009

0.0002

<.0001

Roadway
Classif.

0.28612

0.11848

-0.22848

0.38271

-0.13562

-0.37051

-0.49478

<.0001

0.0795

0.0006

<.0001

0.0445

<.0001

<.0001

Corridor
Driveway
Density

0.06032

0.04906

0.24720

0.07697

0.12911

-0.46253

-0.32766

-0.09751

0.3733

0.4691

0.0002

0.2556

0.0559

<.0001

<.0001

0.1495

Corridor
Driveway
density

1.00000

<.0001
1.00000

1.00000

1.00000
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1.00000

1.00000

1.00000

1.00000

4.3 Methodology
This section presents the statistical models that have been used to achieve the study goals.

4.3.1 HPLN Joint Model
PLN models incorporate random effects to a typical Poisson model to address the over-dispersion
for unobserved or unmeasured heterogeneity (El-Basyouny and Sayed, 2009a; Wang et al., 2015).
Many recent highway safety studies have employed the PLN models using the Bayesian approach
(El-Basyouny and Sayed, 2009a; Wang et al., 2014, 2015; Barua et al., 2014) This study proposed
a hierarchical model to deal with the multilevel structure of the data, where intersections and
roadway segments are at the bottom level and corridors are at the top level. A proposed Bayesian
hierarchical joint model, which includes roadway segment, intersection, and corridor-related
variables, has been implemented before testing the spatial effects, and it explains between-corridor
variation. In this study, a HPLN joint model with corridor random effect (RE) is implemented, and
it is specified as follows:
𝑦𝑖𝑗 |𝜆𝑖𝑗 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 (𝜆𝑖𝑗 )

(4-1)

log(𝜆𝑖𝑗 )= (𝛽𝐼𝑛𝑡 𝑋𝐼𝑛𝑡,𝑖𝑗 ) × 𝜈𝑖𝑗 + (𝛽𝑆𝑒𝑔 𝑋𝑆𝑒𝑔,𝑖𝑗 + ln(𝑙𝑖𝑗 )) × (1 − 𝜈𝑖𝑗 ) + 𝛽𝑐𝑜𝑟 𝑋𝑐𝑜𝑟,𝑗 + 𝜀𝑖𝑗 + 𝑢𝑗

(4-2)

𝜀𝑖𝑗 ~ 𝑁(0, 𝜏𝜀 )

(4-3)

Where 𝑦𝑖𝑗 is the crash frequencies at the targeted road entity (either an intersection or a roadway
segment) 𝑖=1, 2, . . ., 𝑛 from corridor 𝑗=1, 2, …, 𝑚, and 𝜆𝑖𝑗 is the Poisson parameter, which is
equal to the expected number of crashes for the road entity 𝑖 in corridor 𝑗 . ( 𝛽𝐼𝑛𝑡 𝑋𝐼𝑛𝑡,𝑖𝑗 ),
( 𝛽𝑆𝑒𝑔 𝑋𝑆𝑒𝑔,𝑖𝑗 ), and ( 𝛽𝑐𝑜𝑟 𝑋𝑐𝑜𝑟,𝑗 ) represent the intersection, roadway segment, and corridor
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significant explanatory variables, respectively. 𝑋𝐼𝑛𝑡,𝑖𝑗 , 𝑋𝑆𝑒𝑔,𝑖𝑗 , and 𝑋𝑐𝑜𝑟,𝑗 denote a vector of
intersection, roadway segment, and corridor explanatory variables. 𝛽𝐼𝑛𝑡 , 𝛽𝑆𝑒𝑔 , and 𝛽𝑐𝑜𝑟 denote a
vector of estimable parameters for intersections, roadway segments, and corridors respectively. 𝜈𝑖𝑗
is a dummy variable used to differentiate between intersection and roadway segment data, and it
has a value of 1 at intersection data points and a value of 0 at roadway segment data points. 𝑙𝑖𝑗 is
the length of roadway segment 𝑖 in corridor 𝑗, and ln(𝑙𝑖𝑗 ) is used as an offset for roadway segments
(El-Basyouny and Sayed, 2009c). exp(𝜀𝑖𝑗 ) is a multiplicative random effect, and it follows a
lognormal distribution. The 𝜏𝜀 is the precision, which is the inverse of the variance, and it controls
the extra-Poisson variation and has a hyper-prior Gamma (0.001, 0.001) (Lawson et al., 2013).
Lastly, 𝑢𝑗 represents the random effect across corridor, and it has a mean of 0 and a variance of
𝜎𝑢 2 ( 𝑢𝑗 ~ 𝑁 (0, 𝜎𝑢 2 )) . 𝜎𝑢 2 represents the additional variation across corridors. The variance
parameter for 𝑢𝑗 is specified as a gamma prior distribution (0.001, 0.001). A non-informative
Normal (0, 100,000) prior was given for all parameter coefficients.

4.3.2 HPLN Joint Model with Spatial Effects
This model incorporates the spatial effect and will be used to test the effect of different neighboring
structures. Many spatial models are estimated under the Bayesian approach due to its flexibility in
estimating complicated modeling structures (Miaou et al., 2003). This model is specified as
follows:
log(𝜆𝑖𝑗 ) = (𝛽𝐼𝑛𝑡 𝑋𝐼𝑛𝑡,𝑖𝑗 ) × 𝜈𝑖𝑗 + (𝛽𝑆𝑒𝑔 𝑋𝑆𝑒𝑔,𝑖𝑗 + ln(𝑙𝑖𝑗 )) × (1 − 𝜈𝑖𝑗 ) + 𝛽𝑐𝑜𝑟 𝑋𝑐𝑜𝑟,𝑗 + 𝜀𝑖𝑗 + 𝜑𝑖𝑗
𝑠𝑑 (𝜑)

𝛼 = 𝑠𝑑 (𝜀)+ 𝑠𝑑 (𝜑)

(4-4)
(4-5)
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𝜑𝑖𝑗 is a spatially correlated random effect term, and a Gaussian Conditional Autoregressive (CAR)
prior was assigned to 𝜑𝑖𝑗 to incorporate the spatial correlation among road entities. 𝛼 is the
proportion of variation in the random effects due to spatial autocorrelation, and sd is the empirical
marginal standard deviation function. The conditional distribution of CAR prior has the following
form (Besag et al., 1991):

𝜑𝑖𝑗 |𝜑−𝑖𝑗 ~ 𝑁(∑𝑖 ′ 𝑗′ ~𝑖𝑗

𝑤𝑖′𝑗′,𝑖𝑗
𝑤𝑖+

𝜑𝑖′𝑗′ , 𝜏

1
𝑐 𝑤𝑖+

)

(4-6)

Where 𝜑−𝑖𝑗 is the neighbors of 𝜑𝑖𝑗 , 𝜏𝑐 is the precision parameter and it controls the Poisson extravariation due to spatial correlation, 𝑖 ′ 𝑗 ′ ~𝑖𝑗 indicates that road entity 𝑖 ′ 𝑗 ′ is a neighbor of 𝑖𝑗, 𝑤𝑖′𝑗′,𝑖𝑗
represents the weight of the 𝑖′𝑗′ neighbor of the 𝑖𝑗 road entity, and 𝑤𝑖+ indicates the sum of the
neighbor’s weights of road entity 𝑖𝑗.

As shown in Equation (4-6), 𝑤𝑖′𝑗′,𝑖𝑗 denotes the spatial weight between road entity 𝑖′𝑗′ and road
entity 𝑖𝑗. The spatial relationship structures are formally expressed in a symmetric 𝑛 × 𝑛 weight
matrix W in the CAR model, and W contains zeros on the diagonal and the assigned weight values
in the off diagonal. In the present study, different weight specifications have been tested to examine
their effects on the model fit of the data. Four types of conceptualization of spatial relationships
are explored in this study:

a) Adjacency-based Spatial Weight Feature: Four different neighboring structures are proposed
under the adjacency-based structure. The first neighboring structure is the adjacency-based
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connected entities only (AB-CO), where the feeding road entities of the other type to the road
entity of interest are only considered. The second neighboring structure is the adjacency-based
first-order (AB-FO), and it has been employed in many traffic safety studies (Aguero-Valverde
and Jovanis, 2010; Zeng and Huang, 2014; El-Basyouny and Sayed, 2009c). In this study, since
we are modeling roadway segments and intersections simultaneously, the definition of the AB-FO
neighbors should be clarified. In terms of roadway segments, all roadway segments that are
directly adjacent to the segment of interest are considered first-order in addition to the feeding
intersections to the segment of interest. Regarding intersections, all intersections that are directly
adjacent to the intersection of interest are considered first-order in addition to the feeding segments
to the intersection of interest. The third proposed structure is the adjacency-based first-order
without connected entities (AB-FOWC), where only the directly adjacent road entities of the same
type as the road entity of interest are considered. The last neighboring structure under this category
is the adjacency-based second-order (AB-SO). Here, with respect to roadway segments, the
segments that connected directly to the first-order segments are additionally added as second-order
neighbors. In terms of intersections, the intersections that are neighbors to the first-order
intersections are additionally added as second-order neighbors. The assigned weight is the inverse
of the order as proposed by Aguero-Valverde and Jovanis (2010), and many previous studies have
considered this approach of assigning the weight (Aguero-Valverde and Jovanis, 2010; Wang et
al., 2016). Therefore, the assigned weight is 1 if the road entity is connected to the road entity of
interest or considered first-order neighbor, 0.5 if the road entity is considered second-order
neighbor, and otherwise, the weight is zero.
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b) Adjacency-route Spatial Weight Feature: This neighboring structure is considered since the road
entities along the same corridor are likely to share through traffic volume and some roadway
characteristics, so they are more likely to be spatially correlated (Guo et al., 2010; AgueroValverde and Jovanis, 2010; Xie et al., 2013). This approach allows adjacency-based second-order
neighbors to be promoted to first-order if they are on the same corridor as the road entity of interest.
Adjacency-route first-order (AR-FO) model has been considered in this study and in a previous
study (Aguero-Valverde and Jovanis, 2010). Also, the adjacency-route second-order (AR-SO)
model has been considered, where third-order neighbors that are located on the same corridor as
the road entity of interest were promoted to second-order neighbors. The weight in this structure
is the inverse of the order. Figure 4-4 explains a schematic of the adjacency-based and adjacencyroute neighboring structures for intersections and roadway segments.

c) Distance-order Spatial Weight Feature: Three different neighboring structures are explored, and
a midpoint of roadway segments is used to calculate the distance between road entities. AgueroValverde and Jovanis (2010) found that the spatial correlation is significantly important if the
distance is one mile or less. As a result, the distance-order first-order (DO-FO) neighboring
structure considers the same road entities, as the road entity of interest, that belong to the same
corridor and are within half a mile of the road entity of interest in addition to the feeding road
entities of the other type to the road entity of interest. The second proposed structure here is the
distance-order second-order (DO-SO) neighboring structure, where the same road entities that are
located along the same corridor and between half and one mile are additionally added as secondorder neighbors. Lastly, a third neighboring structure is suggested in this study. An aerial distance
of half a mile of the road entity of interest has been explored (DO-HM), where the same road entity
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as the road entity of interest that are located within half a mile of the road entity of interest in
addition to the feeding road entities of the other type to the road entity of interest. The assigned
weight in this structure is the inverse of the order.

d) Distance-based Spatial Weight Feature: The distance between road entities of the same type
along the same corridor is tested here. Road entities on different corridors are treated
independently. Three distance functions are adopted in this study. First, a commonly used inverse
distance (DB-I) is explored. Second, an inverse distance squared (DB-IS) is investigated as well.
The last distance function is the negative exponential of the distance (DB-NE). Many studies have
employed one of the suggested three forms of distance-based neighboring structures (Mitra, 2009;
Guo et al., 2010; Aguero-Valverde and Jovanis, 2010).
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a) Intersections

1) Adjacency-based connected entities only (AB-CO)

2) Adjacency-based first-order (AB-FO)

3) Adjacency-based second-order (AB-SO)

4) Adjacency-route first-order (AR-FO)

5) Adjacency-route second-order (AR-SO)
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b) Roadway Segments

1) Adjacency-based connected entities only (AB-CO)

2) Adjacency-based first-order (AB-FO)

3) Adjacency-based second-order (AB-SO)

4) Adjacency-route first-order (AR-FO)

5) Adjacency-route second-order (AR-SO)

Figure 4- 4: Adjacency-based and Adjacency-route Neighboring Structures for Intersections and Roadway Segments
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4.3.3 Model Comparisons and Goodness-of-fit
Examining the significance of the variables included in the model is the first step in model
evaluation, so the estimated coefficient for each independent variable has to be statistically
significant. P-value is used to examine the significance of the coefficient. Also, goodness-of-fit
measures were calculated to evaluate the models. The goodness-of-fit measures include Deviance
Information Criterion (DIC), Mean Absolute Deviance (MAD), and Root Mean Square Error
(RMSE).

Deviance Information Criterion (DIC) is used for model comparison and selection (Spiegelhalter,
̅ ) of the Bayesian deviance (D) plus the effective
2002). The DIC is defined as the posterior mean (𝐷
number of parameters (𝑃𝐷 ) as shown in Equation (4-7).
̅ + 𝑃𝐷
𝐷𝐼𝐶 = 𝐷

(4-7)

MAD and RMSE are dependent on the difference between the predicted and observed number of
crashes, and their equations are as follows:

MAD=

∑𝑛
𝑖=1|𝑁𝑃𝑟𝑒𝑑 𝑖𝑗 − 𝑁𝑂𝑏𝑠 𝑖𝑗 |

RMSE=√

(4-8)

𝑛
2
∑𝑛
𝑖=1(𝑁𝑃𝑟𝑒𝑑 𝑖𝑗 − 𝑁𝑂𝑏𝑠 𝑖𝑗 )

(4-9)

𝑛

Where 𝑁𝑃𝑟𝑒𝑑 𝑖𝑗 is the predicted number of crashes, and 𝑁𝑂𝑏𝑠 𝑖𝑗 is the observed number of crashes.
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4.4 Modeling Results
The models in this study were estimated using the Bayesian approach, which draws samples from
the targeted posterior distribution of the parameters by using a Markov Chain Monte Carlo
(MCMC) algorithm (Carlin and Louis, 2000). The WinBUGS statistical software is used to
estimate Bayesian models. The posterior summaries were obtained by a chain with 100,000
iterations, and 10,000 of which were discards as a burn-in sample. The convergence of the model
was evaluated by inspection of the trace plots and kernel density (Cowles, 2013).

A total of 13 HPLN joint models have been estimated, and the spatial models fall into four main
categories, which are adjacency-based, adjacency-route, distance-order, and distance-based spatial
weight features. The following table shows the 13 models and their description.

Table 4- 5: List of Models and their Abbreviations
Model Name

Model Notation

Random effect
Adjacency-based connected road entities only
Adjacency-based first order without connected road entities
Adjacency-based first-order
Adjacency-based second-order
Adjacency-route first-order
Adjacency-route second-order
Distance-order first-order
Distance-order second-order
Distance-order aerial distance of half a mile
Distance-based inverse distance
Distance-based Inverse distance squared
Distance-based negative exponential of the distance

Base Model
AB-CO
AB-FOWC
AB-FO
AB-SO
AR-FO
AR-SO
DO-FO
DO-SO
DO-BH
DB-I
DB-IS
DB-NE
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Model
Number
Model 1
Model 2
Model 3
Model 4
Model 5
Model 6
Model 7
Model 8
Model 9
Model 10
Model 11
Model 12
Model 13

4.4.1 Model Comparison
In this study, DIC, MAD, and RMSE have been used for model comparison and selection. Table
4-6 shows the goodness-of-fit measures values of the 13 models. There are several observations
that can be viewed from this table. First, across the 13 estimated models, it can be seen that the
best model is Model 4 (adjacency-based first-order) since it has the lowest DIC, MAD, and RMSE
values. Model 4 considers the feeding road entities in addition to the directly adjacent road entities
of the same type as the road entity of interest as shown in Figure (4-4, ii). Second, Model 7
(adjacency-route second-order) is the second best model in terms of DIC and RMSE. However, in
terms of MAD, model 9, which is distance-order second-order, (MAD=19.452) performs slightly
better than model 7 (MAD=19.512). Model 7 (Figure 4-4, v) emphasizes that the road entities on
the same corridor are likely to be spatially correlated up to three neighbors. Third, it can be seen
that taking into consideration the feeding road entities to the road entity of interest is important
since Model 2, where only the connected road entities of the other type have been considered,
outperformed Model 3, where only the directly adjacent road entities of the same type as the road
entity of interest have been considered. This proves the importance of including the feeding road
entities to the road entity of interest. As a result, the feeding road entities to the road entity of
interest have been considered in the whole spatial models in this study. Lastly, Model 9 (distanceorder second-order) performs the best across the distance-order and distance-based models. This
also emphasizes that same corridor road entities are likely to be spatially correlated up to one mile.

With respect to random effect terms in Table 4-7, the standard deviation of random effect (𝜀) is
significant at the 95% Bayesian Credible Interval (BCI) under all the models, which explains the
presence of over-dispersion in the data. However, the value in the corridor RE model is 0.600, and
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it has been reduced by 9.3% to 38.3% in the other models. This indicates that the spatial models
reduce the estimates of extra-Poisson variation. Regarding corridor random effect, it was
significant, which confirms the presence of within-corridor correlations. In terms of the spatially
correlated random effect, the standard deviation of spatially correlated random effect ( 𝛼 ) is
significant at the 95% BCI under all the models, which confirms the presence of spatial correlations
under the proposed spatial weight features. Lastly, the proportion of variability in the random
effects due to spatial autocorrelation (𝛼) is significant under all spatial models. 𝛼 value varies from
22.5% (Model 2, Table 4-7a) to 71.8% (Model 7, Table 4-7b) under all spatial models. The two
models with the lowest explained variation have the smallest number of spatial units. In this study,
the spatial clustering was the strongest (𝛼=71.8%) in Model 7, adjacency-route second-order
spatial weight feature.

Table 4- 6: Model Comparison Using DIC, MAD, and RMSE
Model
Corridor RE (Model 1)
AB-CO (Model 2)
AB-FOWC (Model 3)
AB-FO (Model 4)
AB-SO (Model 5)
AR-FO (Model 6)
AR-SO (Model 7)
DO-FO (Model 8)
DO-SO (Model 9)
DO-HM (Model 10)
DB-I (Model 11)
DB-IS (Model 12)
DB-NE (Model 13)

DIC
3073.60
3063.26
3070.62
3059.87
3064.14
3064.42
3060.64
3066.05
3063.68
3062.13
3069.91
3069.77
3066.96

MAD
19.791
20.070
25.306
18.593
19.740
19.918
19.512
20.213
19.452
20.343
19.853
19.731
19.806
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RMSE
38.592
37.568
38.069
29.360
34.542
35.643
33.471
42.773
36.130
48.035
38.510
40.002
37.702

Table 4- 7: Posterior Summary of Bayesian HPLN Joint Non-spatial and Spatial Models
a) Non-spatial Model and Preliminary Spatial Weight Features
Variable
Intercept
Log (Major AADT)
Log (Minor AADT)
Intersection
Absolute Speed Limit
Variables
Difference
Access points within the inf.
Area of Int.
Log (AADT)
Median Opening Density
Segment
Variables
Driveway Density
Log (Truck AADT)
Intercept
County (Orange=1,
Broward=0)
Corridor
Variables
Principal arterial versus
minor arterial
Average Segment Length
s.d. of random effect (𝜀)
s.d. of corridor random effect
Random
(𝑢)
Effect terms
s.d. of spatial effects (𝜑)
Proportion of Variability (𝜶)

Corridor RE (Model 1)
Mean (s.d.)
95% BCI
-3.101# (1.474) (-5.988, 0.010)
0.659 (0.093)
(0.435, 0.827)
0.442 (0.056)
(0.337, 0.553)
-0.028 (0.007) (-0.042, -0.014)

AB-CO (Model 2)
Mean (s.d.)
95% BCI
-3.273 (1.272) (-5.225, -0.593)
0.425 (0.119)
(0.187, 0.648)
0.420 (0.066)
(0.294, 0.545)
-0.036 (0.007) (-0.051, -0.021)

AB-FOWC (Model 3)
Mean (s.d.)
95% BCI
-6.097 (1.356)
(-8.681, -3.764)
0.437 (0.096)
(0.254, 0.629)
0.449 (0.059)
(0.332, 0.572)
-0.030 (0.007)
(-0.044, -0.016)

0.037 (0.017)

(0.002, 0.071)

0.023# (0.017)

(-0.004, 0.057)

0.033 (0.018)

(0.003, 0.070)

0.519 (0.209)
0.013 (0.002)
0.038 (0.013)
0.312 (0.148)
-4.909 (1.590)
0.393 (0.146)

(0.164, 0.982)
(0.009, 017)
(0.012, 0.063)
(0.005, 0.595)
(-8.224, -1.891)
(0.112, 0.698)

0.276 (0.137)
0.013 (0.001)
0.043 (0.012)
0.260 (0.130)
-2.813 (1.083)
_

(0.022, 0.559)
(0.009, 0.016)
(0.018, 0.067)
(0.012, 0.535)
(-6.002, -1.022)
_

0.354 (0.177)
0.013 (0.002)
0.034 (0.014)
0.289# (0.008)
-1.774# (1.247)
_

(0.029, 0.702)
(0.008, 0.017)
(0.005, 0.062)
(-0.008, 0.609)
(-4.063, 0.346)
_

0.482 (0.168 )

(0.130, 0.802)

0.578 (0.219)

(0.149, 1.005)

0.489 (0.174)

(0.140, 0.843)

_
0.600 (0.025)
0.316 (0.076)

_
(0.550, 0.650)
(0.192, 0.492)

2.499 (0.713)
0.516 (0.026)
_

(1.094, 3.961)
(0.466, 0.571)
_

2.000 (0.562)
0.487 (0.031)
_

(0.895, 3.126)
(0.427, 0.550)
_

_
_

_
_

0.150 (0.025)
0.225

(0.103, 0.203)
(0.161, 0.291)

0.208 (0.037)
0.299

(0.137, 0.284)
(0.207, 0.389)

# Significant at 90% BCI, and all other variables are significant at 95% BCI
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b) Adjacency Spatial Weight Feature
Variable
Intercept
Log (Major AADT)
Intersection
Variables

Log (Minor AADT)
Absolute Speed
Limit Difference
Access points within
the inf. Area of Int.
Log (AADT)

Segment
Variables

Median Opening
Density
Driveway Density
Log (Truck AADT)
Intercept

Principal arterial
versus minor arterial
Average Segment
Length
s.d. of random effect
(𝜀)
Random
s.d. of spatial effects
Effect terms
(𝜑)
Proportion of Variability (𝜶)
Corridor
Variables

AB-FO (Model 4)
Mean
95% BCI
(s.d.)
-2.984
(-5.889, -0.526)
(1.340)
0.499
(0.291, 0.687)
(0.096)
0.409
(0.294, 0.523)
(0.057)
-0.036
(-0.050, -0.022)
(0.007)
0.023#
(-0.005, 0.057)
(0.017)
0.348
(0.023, 0.670)
(0.174)
0.013
(0.009, 0.017)
(0.002)
0.034
(0.018, 0.067)
(0.012)
0.283#
(-0.024, 0.523)
(0.141)
-3.624
(-6.005, -1.251)
(1.211)
0.490
(0.106, 0.880)
(0.198)
2.021
(0.992, 3.523)
(0.642)
0.506
(0.448, 0.565)
(0.029)
0.321
(0.217, 0.443)
(0.058)
0.386
(0.217, 0.443)

AB-SO (Model 5)
Mean
95% BCI
(s.d.)
-2.527#
(-4.706, 0.503)
(1.270)
0.479
(0.215, 0.669)
(0.123)
0.423
(0.322, 0.529)
(0.053)
-0.036
(-0.049, -0.022)
(0.007)
0.023#
(-0.005, 0.057)
(0.017)
0.416
(0.076, 0.730)
(0.171)
0.013
(0.009, 0.017)
(0.002)
0.043
(0.018, 0.067)
(0.012)
0.233#
(-0.020, 0.486)
(0.133)
-3.897
(-5.937, -1.373)
(1.233)
0.445
(0.063, 0.815)
(0.190)
2.102
(0.915, 3.304)
(0.612)
0.465
(0.378, 0.540)
(0.041)
0.560
(0.376, 0.774)
(0.102)
0.542
(0.420, 0.665)

# Significant at 90% BCI, and all other variables are significant at 95% BCI
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AR-FO (Model 6)
Mean
95% BCI
(s.d.)
-3.519 (-5.871, -1.499)
(1.121)
0.427
(0.240, 0.623)
(0.098)
0.420
(0.275, 0.548)
(0.067)
-0.036 (-0.049, -0.022)
(0.007)
0.023# (-0.005, 0.057)
(0.017)
0.232# (-0.045, 0.467)
(0.134)
0.013
(0.009, 0.017)
(0.002)
0.043
(0.018, 0.067)
(0.012)
0.286
(0.030, 0.556)
(0.134)
-2.372 (-4.302, -0.204)
(1.036)
0.456
(0.065, 0.819)
(0.191)
2.153
(0.757, 3.466)
(0.685)
0.440
(0.327, 0.528)
(0.051)
0.698
(0.465, 0.967)
(0.128)
0.609
(0.477, 0.744)

AR-SO (Model 7)
Mean
95% BCI
(s.d.)
-3.232 (-6.045, -0.137)
(1.629)
0.480
(0.245, 0.696)
(0.117)
0.423
(0.312, 0.554)
(0.063)
-0.036 (-0.049, -0.022)
(0.007)
0.023# (-0.005, 0.057)
(0.017)
0.334# (-0.100, 0.700)
(0.197)
0.013
(0.009, 0.017)
(0.002)
0.043
(0.016, 0.066)
(0.012)
0.271# (-0.003, 0.568)
(0.142)
-3.226 (-6.037, -0.294)
(1.464)
0.436
(0.043, 0.829)
(0.200)
2.145
(0.947, 3.462)
(0.649)
0.370
(0.186, 0.495)
(0.077)
0.964
(0.658, 1.288)
(0.162)
0.718
(0.576, 0.872)

c) Distance-Order Spatial Weight Feature
Variable
Intercept
Log (Major AADT)
Intersection
Variables

Log (Minor AADT)
Absolute Speed
Limit Difference
No. of access points
within the influence
area of intersection
Log (AADT)

Segment
Variables

Median Opening
Density
Driveway Density
Log (Truck AADT)
Intercept

Principal arterial
versus minor arterial
Average Segment
Length
s.d. of random effect
(𝜀)
Random
s.d. of spatial effects
Effect terms
(𝜑)
Proportion of Variability (𝜶)
Corridor
Variables

DO-FO (Model 8)
Mean
95% BCI
(s.d.)
-2.872
(-5.273, -0.324)
(1.294)
0.440
(0.258, 0.638)
(0.0955)
0.410
(0.275, 0.536)
(0.065)
-0.036
(-0.050, -0.022)
(0.007)
0.024#
(-0.004, 0.057)
(0.017)

DO-SO (Model 9)
Mean
95% BCI
(s.d.)
-2.957#
(-5.535, 0.321)
(1.555)
0.462
(0.295, 0.629)
(0.087)
0.406
(0.281, 0.530)
(0.062)
-0.039
(-0.053, -0.025)
(0.007)
0.020#
(-0.007, 0.054)
(0.017)

DO-HM (Model 10)
Mean
95% BCI
(s.d.)
-2.784# (-5.041, 0.139)
(1.252)
0.505
(0.234, 0.759)
(0.123)
0.416
(0.289, 0.554)
(0.066)
-0.037 (-0.051, -0.022)
(0.007)
0.023# (-0.004, 0.056)
(0.017)

0.326
(0.174)
0.014
(0.001)
0.042
(0.012)
0.244#
(0.134)
-3.121
(1.354)
0.504
(0.198)
2.224
(0.659)
0.520
(0.028)
0.236
(0.046)
0.310

0.358#
(0.215)
0.013
(0.002)
0.040
(0.012)
0.213#
(0.152)
-3.089
(1.563)
0.487
(0.181)
1.954
(0.607)
0.483
(0.042)
0.556
(0.125)
0.529

0.420
(0.185)
0.014
(0.002)
0.043
(0.012)
0.220#
(0.131)
-3.804
(1.301)
0.450
(0.192)
1.971
(0.652)
0.523
(0.028)
0.228
(0.046)
0.302

(0.030, 0.692)
(0.009, 0.017)
(0.018, 0.067)
(-0.025, 0.513)
(-6.463, -0.863)
(0.121, 0.893)
(0.954, 3.596)
(0.466, 0.576)
(0.154, 0.335)
(0.221, 0.406)

(-0.008, 0.762)
(0.009, 0.017)
(0.016, 0.064)
(-0.040, 0.480)
(-6.361, -0.516)
(0.124, 0.835)
(0.738, 3.168)
(0.392, 0.559)
(0.334, 0.820)
(0.383, 0.672)

# Significant at 90% BCI, and all other variables are significant at 95% BCI
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(0.099, 0.801)
(0.010, 0.027)
(0.019, 0.067)
(-0.026, 0.481)
(-6.542, -1.58)
(0.078, 0.829)
(0.750, 3.265)
(0.469, 0.580)
(0.147, 0.326)
(0.212, 0.399)

d) Distance-Based Spatial Weight Feature
Variable
Intercept
Log (Major AADT)
Intersection
Variables

Log (Minor AADT)
Absolute Speed
Limit Difference
No. of access points
within the influence
area of intersection
Log (AADT)

Segment
Variables

Median Opening
Density
Driveway Density
Log (Truck AADT)
Intercept

Corridor
Variables

Principal arterial
versus minor arterial
s.d. of random effect
(𝜀)
Random
s.d. of spatial effects
Effect terms
(𝜑)
Proportion of Variability (𝜶)

DB-I (Model 11)
Mean
95% BCI
(s.d.)
-2.067
(-5.160, 1.279)
(1.725)
0.553
(0.365, 0.733)
(0.102)
0.419
(0.285, 0.540)
(0.064)
-0.033
(-0.048, -0.018)
(0.008)
0.032
(0.002, 0.066)
(0.017)

DB-IS (Model 12)
Mean
95% BCI
(s.d.)
-3.245 (-6.568, 0.377)
(1.867)
0.531
(0.305, 0.749)
(0.122)
0.419
(0.292, 0.546)
(0.067)
-0.034 (-0.049, -0.019)
(0.008)
0.032
(0.002, 0.066)
(0.017)

DB-NE (Model 13)
Mean
95% BCI
(s.d.)
-1.735
(-4.980, 0.865)
(1.654)
0.511
(0.278, 0.779)
(0.126)
0.422
(0.304, 0.548)
(0.063)
-0.033
(-0.048, -0.019)
(0.007)
0.032
(0.002, 0.066)
(0.018)

0.498
(0.241)
0.013
(0.002)
0.037
(0.013)
0.296#
(0.164)
-4.434
(1.767)
0.492#
(0.284)
0.503
(0.044)
1.285
(0.300)
0.708

0.353#
(0.251)
0.013
(0.002)
0.038
(0.012)
0.310
(0.144)
-3.014
(2.037)
0.493#
(0.293)
0.544
(0.030)
1.170
(0.277)
0.673

0.482#
(0.282)
0.014
(0.002)
0.0365
(0.013)
0.305
(0.147)
-4.350
(2.375)
0.512#
(0.230)
0.469
(0.058)
0.687
(0.167)
0.585

(0.077, 0.991)
(0.011, 0.062)
(0.012, 0.062)
(-0.029, 0.606)
(-7.748, -1.275)
(-0.078, 1.051)
(0.417, 0.589)
(0.632, 1.824)
(0.525, 0.809)

(-0.063, 0.789)
(0.009, 0.017)
(0.013, 0.063)
(0.026, 0.590)
(-6.824, 0.282)
(-0.094, 1.063)
(0.487, 0.604)
(0.627, 1.718)
(0.522, 0.770)

# Significant at 90% BCI, and all other variables are significant at 95% BCI
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(-0.020, 0.975)
(0.010, 0.018)
(0.011, 0.062)
(0.025, 0.592)
(-8.802, -0.177)
(-0.109, 1.079)
(0.346, 0.578)
(0.328, 0.987)
(0.368, 0.736)

4.4.2 Significant Variables in the Model
Every model contains ten significant variables except the distance-based models that contain nine
significant variables, four of which are intersection-related variables, which are natural log of
major AADT, natural log of minor AADT, absolute speed limit difference between major and
minor roads, and total number of access points within the influence area of intersections. A total
of four significant roadway segment significant variables are in the model, and these include
natural log of AADT, natural log of truck AADT, driveway density, and median opening density.
Lastly, there are two significant corridor-related variables in each model except the three distancebased models, which have only roadway classification (principal arterial versus minor arterial),
which is a significant variable in all models. The significant corridor variables are different in the
HPLN with RE from the HPLN with spatial effects. County variable (Orange versus Broward) is
significant in the random effect model, and it is insignificant in the spatial models. Also, the
corridor variable average segment length of corridor is significant in the spatial models, and it is
insignificant in the corridor RE model. In terms of parameter estimates values, the signs across the
models are consistent; however, there are some slight differences in the magnitude of the parameter
estimates between the non-spatial model and the spatial models. This could be due to the presence
of spatial dependence in the crash data among neighboring road entities along corridors, and not
accounting for the spatial dependence may result biased estimates of the model parameters, which
may lead to erroneous interpretation and mislead conclusions (Lesage and Pace, 2009; Quddus,
2008; Anselin, 2010).
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In terms of significant intersection variables, natural logs of major and minor AADT were found
to be positively associated with crashes as expected. Also, it was found that as the absolute speed
limit difference between major and minor roads increases the total crashes decreases, and this is
expected since the corridors have relatively high posted-speeds, and high absolute speed limit
difference indicates that the minor road is a small road. Therefore, it is expected that intersections
with high posted-speeds on the major and minor roads experience more crashes than intersections
with small or medium posted-speeds on the minor roads. The result shows that a unit increase in
the absolute speed limit difference would decrease crashes by factor of 0.965. Lastly, it was found
that as the total number of access points within the influence area of intersection increases the
crash occurrence increases, and this is consistent with a previous study (Kim and Washington,
2006). A unit increase in the total number of access points within the influence area of intersection
was associated with an increase in crash frequencies by a factor of 1.023.

Regarding roadway segment-related variables, the results show that as the natural log of AADT
increases, the total number of crashes increases as expected. It was also found that the natural log
of truck AADT is positively associated with crash occurrence. Also, driveway density is positively
associated with crash occurrence, and this is consistent with previous studies (Mouskos et al.,
1999; Eisele and Frawley, 2005). Each unit increase in the driveway density would increase the
crashes by a factor of 1.044. Lastly, it was found that as the median opening density increases, the
total number of crashes increases as expected (Cribbins et al., 1967). The coefficient shows that
one unit increase in median opening density was associated with an increase in crash frequencies
by a factor of 1.013.

89

With respect to corridor-related variables, it was found that principal arterial roads tend to have
more crashes than the minor arterial roads, and this may be due to that the traffic volume and
posted speed are usually higher in principal arterial than the minor arterials. Also, it was found that
Orange County is associated with more crashes than the Broward County. Lastly, as the average
segment length of corridor increases, the crash occurrence increases, which is consistent with a
previous study (Wang et al., 2015). A unit increase in the average segment length of corridors was
associated with an increase in crash frequencies by a factor of 8.542.

4.5 Summary and Conclusions
This study developed a Bayesian hierarchical joint model with spatial effects for intersections and
roadway segments along corridors using a dataset of 255 signalized intersections and 220 roadway
segments along 20 corridors from two counties in Florida. This joint model provides a better
understanding of risk factors at intersections and roadway segments along corridors. Also, this
study explored the effect of different spatial weight features to identify the best fit of the model to
the data. As a result, a total of 13 models have been estimated in this research to identify the best
spatial weight structure to the proposed model.

The results of this study prove the importance of incorporating the spatial effects since it provides
a better fit of the data compared to the HPLN with corridor RE model. The spatial models can be
categorized into four categories: (1) adjacency-based, (2) adjacency-route, (3) distance-order, and
(4) distance-based spatial weight features. The results show the benefits of using the joint model
since the model (Model 2) that considers the spatial correlation between a roadway segment and
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its feeding intersections and vice versa outperforms the adjacency-based first-order model (Model
3) without considering the feeding road entities to the road entity of interest. However, one of the
best models is the combination of the previous two models. That is, the adjacency-based first-order
model (Model 4), which considers the feeding road entities to the road entity of interest and the
directly adjacent road entity of the same type as the road entity of interest. Moreover, the results
support that the spatial correlation is significantly important between road entities along the same
corridor since one of the best models is the adjacency-route second-order model (Model 7).

Detailed roadway characteristics were collected for the intersections and roadway segments in
addition to some corridor information. The modeling results show that four-intersection, fourroadway segment, and two corridor-related variables were significant in most of the models. The
significant intersection and roadway segment variables are the same across the estimated models
with a different magnitude in some variables. When considering the risk factors at the intersection
level, the number of access points within the influence area of intersection is positively associated
with the number of crashes. Therefore, the minimum distance between an access point and an
intersection should be carefully analyzed. With respect to roadway segments, as median opening
density and driveway density increase, the total number of crashes increases. This finding
emphasizes the importance of choosing the appropriate number and location of driveways and
median openings along corridors. The finding of this study will help road designers, planners, and
managers as it provides a better understanding of the contributing factors to crashes at intersections
and roadway segments along corridors as well as the best spatial weight structure for the proposed
model.
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CHAPTER FIVE: A MULTIVARIATE MODEL FOR PREDICTING
CRASH COUNTS BY CRASH TYPE AT INTERSECTIONS AND
SEGMENTS ALONG CORRIDORS
The work in this chapter is under review at Accident Analysis and Prevention Journal (Alarifi et
al., 2018b).
5.1 Introduction
As discussed in Chapter 2, developing a crash prediction model for total crashes identifies the
crash risk factors that are associated with crashes at specific locations. However, to implement
effective countermeasures, it is required to investigate the crash type. In addition, different crash
types are associated with traffic and geometric characteristics in different ways (Kim et al., 2006b,
2007). Therefore, investigating the contributing factors for different crash types by estimating
separate models for different crash types is of great importance since it provides better explanatory
power compared to a single total crash model. However, estimating a separate model for each
crash type may result in inefficient and biased parameters because different crash types may share
unobserved or omitted variables (Ye et al., 2009; Aguero-Valverde et al., 2016). As a result,
estimating a multivariate model, where crash counts of different crash types are modeled
simultaneously is necessary to handle the common unobserved factors and provide more accurate
parameter estimates.

Multivariate count models have been employed for predicting crash counts by severity levels (Park
and lord, 2007; Ma et al., 2008; Aguero-Valverde and Jovanis, 2009; El-Basyouny and Sayed,
2009b; Barua et al., 2014, 2016), collision types (Ye et al., 2009; Mothafer et al., 2016; Aguero-
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Valverde et al., 2016), or transportation mode (Lee et al., 2015; Huang et al., 2017). Many studies
have incorporated the spatial correlation into multivariate models to predict crash counts (Wang
and Kocklman, 2013; Aguero-Valverde, 2013; Barua et al., 2014; Aguero-Valverde et al., 2016;
Huang et al., 2017; Bhat et al., 2017). Scholars have employed the multivariate model for
predicting different crash type counts at roadway segments (Aguero-Valverde et al., 2016;
Mothafer et al., 2016) or intersections (Ye et al., 2009).

In summary, while previous corridor studies have estimated different types of models to predict
total, rear-end, minor, and severe injury crashes, this study aims to a) estimate a multivariate
hierarchical spatial joint model, which predicts different crash types for the urban intersections
and roadway segments and identifies the contributing factors for the different crash types
simultaneously; b) evaluate the correlations of crash frequencies by different crash types; and c) a
univariate hierarchical spatial joint model, where the independence across the different crash types
is assumed, is done for comparison purposes.

5.2 Data Preparation
The data collection and preparation has been described earlier in Chapter 4 as well as the
descriptive statistics of the explanatory variables in the model.

Many crash types have been observed in the crash data, and they have been categorized into six
crash types, including same direction (rear-end and same direction sideswipe), angle and turning,
opposite direction (head-on and opposite direction sideswipe), non-motorized, other multi-vehicle
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(MV), and single-vehicle (SV) (hit an object, run off the road, and overturned) crashes. Table 5-1
presents descriptive statistics of crash counts by different types at intersections and roadway
segments along the selected corridors.
Table 5- 1: Summary Statistics of Crash Counts by Different Types
Crash Type

Mean

S.d.

Min.

Max.

Same Direction

23.051

25.533

0

186

Angle and Turning

8.800

7.323

0

37

Opposite Direction

0.937

1.284

0

7

Non-motorized

1.788

1.938

0

10

Other MV

4.745

5.527

0

29

SV

1.937

2.474

0

17

Same Direction

8.959

9.909

0

58

Angle and Turning

4.132

4.663

0

28

Opposite Direction

0.518

0.640

0

3

Non-motorized

1.012

1.421

0

8

Other MV

2.382

2.958

0

17

SV

1.650

2.299

0

13

Intersections

Roadway
Segments

5.3 Methodology
This study proposes a Full Bayesian multivariate hierarchical spatial joint model to estimate crash
counts by crash type at intersections and roadway segments along urban corridors. Poisson-based
models have been widely implemented in crash data analysis. The PLN model incorporates
heterogeneity random effect term to a typical Poisson model to account for unobserved
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heterogeneity (El-Basyouny and Sayed, 2009a; Wang et al., 2015). Many highway safety studies
have implemented the MPLN model using the Bayesian approach (Lee et al., 2015; AgueroValverde et al., 2016; Huang et al., 2017).

5.3.1 Univariate HPLN Spatial Joint Model
This section shows the formulation of the HPLN spatial joint model, which includes intersections,
roadway segments, and corridor-related variables. The model is specified as follows:
𝑘 𝑘
𝑦𝑖𝑗
|𝜆𝑖𝑗 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 (𝜆𝑘𝑖𝑗 )

(5-1)

𝑘
where 𝑦𝑖𝑗
represents the crash counts at intersection or roadway segment 𝑖 from corridor 𝑗 for

crash type 𝑘, and 𝜆𝑘𝑖𝑗 is the Poisson parameter, which presents the expected number of crashes for
road entity 𝑖 in corridor 𝑗 that belongs to crash type 𝑘. Poisson parameter 𝜆𝑘𝑖𝑗 is modeled as a
function of the independent variables as shown in Equation (5-2).
𝑘
𝑘
𝑘
𝑘
𝑘
log(𝜆𝑘𝑖𝑗 ) =(𝛽𝐼𝑛𝑡
𝑋𝐼𝑛𝑡,𝑖𝑗 ) × 𝜈𝑖𝑗 + (𝛽𝑆𝑒𝑔
𝑋𝑆𝑒𝑔,𝑖𝑗 + ln(𝑙𝑖𝑗 )) × (1 − 𝜈𝑖𝑗 ) + 𝛽𝑐𝑜𝑟
𝑋𝑐𝑜𝑟,𝑗 + 𝜀𝑖𝑗
+𝑢𝑗𝑘 + 𝜑𝑖𝑗
(5-2)

where 𝑋𝐼𝑛𝑡,𝑖𝑗 , 𝑋𝑆𝑒𝑔,𝑖𝑗 , and 𝑋𝑐𝑜𝑟,𝑗 represent vectors of intersection, roadway segments, and corridor
𝑘
𝑘
𝑘
explanatory variables for road entity 𝑖 in corridor 𝑗, respectively. 𝛽𝐼𝑛𝑡
, 𝛽𝑆𝑒𝑔
, and 𝛽𝑐𝑜𝑟
are vectors

of estimable parameters for vectors of explanatory variables 𝑋𝐼𝑛𝑡,𝑖𝑗 , 𝑋𝑆𝑒𝑔,𝑖𝑗 , and 𝑋𝑐𝑜𝑟,𝑗 ,
respectively. 𝜈𝑖𝑗 is a dummy variable to differentiate between intersection and roadway segment
data points, and a value of 1 is used at intersection data points, and a value of 0 is used at roadway
segment data points. 𝑙𝑖𝑗 is the length of segment 𝑖 from corridor 𝑗, and ln(𝑙𝑖𝑗 ) is used in this study
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𝑘
as an offset for roadway segments. 𝜀𝑖𝑗
is the heterogeneity random effects term, and it is obtained

by the following formula:

𝑘
𝜀𝑖𝑗
~ 𝑁(0, 𝜏𝑘−1 ) , 𝑘=1, …., 6.

(5-3)

The 𝜏𝑘−1 is the precision (the inverse of the variance) for crash type 𝑘, and it controls the extraPoisson variation (Lawson, 2003) and has a hyper-prior Gamma (0.001, 0.001). A non-informative
Normal (0, 100,000) prior was given for all coefficients. 𝑢𝑗𝑘 is the random effect across corridor,
and it has a mean of 0 and a variance of 𝜎𝑘 2 , which represents the additional variation across
corridors. The variance parameter for 𝑢𝑗𝑘 is specified as a Gamma prior distribution (0.001, 0.001).
𝑘
Lastly, 𝜑𝑖𝑗
is a spatially correlated random effect term for crash type 𝑘 , and a Gaussian
𝑘
Conditional Autoregressive (CAR) prior was assigned to 𝜑𝑖𝑗
to incorporate the spatial correlation

among road entities as shown in Equation (5-4) (Besag, 1974):

𝑘
𝜑𝐼𝑘 |𝜑−𝐼
~

𝑁(

∑𝐽≠𝐼 𝜑𝐽𝑘 𝑤 𝐼𝐽
∑𝐽≠𝐼 𝑤 𝐼𝐽

,∑

𝜏𝑘 −1

𝐽≠𝐼 𝑤 𝐼𝐽

)

(5-4)

Where, 𝐼 indicates road entity 𝑖𝑗. 𝜑𝐼𝑘 represents the spatial correlation for road entity 𝐼 for crash
𝑘
type 𝑘, and 𝜑−𝐼
denotes all elements except 𝜑𝐼𝑘 . 𝐽 ≠ 𝐼 represents all neighbors of road entity 𝐼.

𝑤 𝐼𝐽 represents the weight of the 𝐽 neighbor of the 𝐼 road entity. 𝜏𝑘 denotes the precision parameter
for each crash type 𝑘, and it has a gamma prior of (0.001, 0.001). Adjacency-based first order
weight matrix has been used in this study as it has been concluded in the previous chapter that the
adjacency-based first-order is best spatial weight structure for the proposed joint model. In terms
of intersections, all intersections that are directly adjacent to the intersection of interest and the
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feeding roadway segments to the intersection of interest have a weight of 1, otherwise the weight
is zero. Regarding roadway segments, all roadway segments that are directly adjacent to the
roadway segment of interest and the feeding intersections to the roadway segment of interest have
a weight of 1, otherwise the weight is zero.

5.3.2 Multivariate HPLN Spatial Joint Model
This section shows the formulation of the multivariate HPLN spatial joint model. The specification
is equivalent to the univariate HPLN spatial joint model (as shown in Equation (5-1) and (5-2) to
be directly comparable with the multivariate model. However, the error terms for the multivariate
model are estimated using multivariate normal priors as shown in this section.

𝑘
𝜀𝑖𝑗
is the heterogeneity effect for crash type 𝑘, and it is estimated using multivariate normal priors

as shown in Equation (5-5) (Ma and Kockelman, 2006; Aguero-Valverde and Jovanis, 2009):
𝜀𝑖𝑗 ~ 𝑀𝑁(0, ∑𝜀 )

(5-5)

where ∑𝜀 is the variance-covariance matrix with a hyper-prior defined as follows:
∑𝜀 −1 ~ Wishart(R, 𝑛)

(5-6)

where ∑𝜀 −1 is a symmetric positive matrix and it is known as the precision matrix. . 𝑛 represents
the degree of freedom, and in this study 𝑛 =6. R is the scale matrix, and the used values for the
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matrix are suggested by Carlin and Louis (1996) and Gelman et al. (2003) to produce a noninformative prior to the precision matrix, and it shown below:

0.1
0.005
0.005
0.005
0.005
0.005

0.005
0.1
0.005
0.005
0.005
0.005

0.005
0.005
0.1
0.005
0.005
0.005

0.005
0.005
0.005
0.1
0.005
0.005

0.005
0.005
0.005
0.005
0.1
0.005

0.005
0.005
0.005
0.005
0.001
0.1

𝑢𝑗𝑘 is the random effect across corridor for crash type 𝑘, and it is estimated using multivariate
normal priors as shown in Equation (5-7):

𝑢𝑗 ~ 𝑀𝑁(0, ∑𝑢 )

(5-7)

𝑘
∑𝑢 is defined as ∑𝜀 . 𝜑𝑖𝑗
is spatial error term for crash type 𝑘, and the expression is presented in

Equation (5-8) (Thomas et al., 2004):
𝑘
1
̅̅̅̅𝑘 , 𝛀 )
𝜑𝐼𝑘 |(𝜑−𝐼
, … , 𝜑−𝐼
) ~ 𝑀𝑁 (𝜑
𝐼
𝑛𝐼

(5-8)

𝑘
1
Here, (𝜑−𝐼
, … , 𝜑−𝐼
) indicates the neighbors of the 𝑘 × 𝑛 matrix, excluding the 𝐼th neighbor. 𝑛𝐼

denotes the number of adjacent neighbors to I. 𝛀 is the variance-covariance matrix for spatial error
term with diagonal elements representing variance and off-diagonal elements representing the
covariance of different crash types. In this study, a non-informative Wishart distribution is used as
a hyper-prior for the precision matrix as defined in Equation (5-6).
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The correlation between two outcomes is calculated as shown in Equation (5-9) (El-Basyouny and
Sayed, 2009b):
𝜌𝑎,𝑏 =

𝑐𝑜𝑣 (𝑎,𝑏)

(5-9)

√𝑣𝑎𝑟 (𝑎)(𝑣𝑎𝑟(𝑏)

Lastly, the proportion of variation explained by the spatial effect term (𝛼) is defined in Equation
(5-10):
𝛼=

𝑠𝑑(𝜑)

(5-10)

𝑠𝑑(𝜀)+𝑠𝑑(𝑢)+𝑠𝑑(𝜑)

where 𝜀, 𝑢, and 𝜑 denote the heterogeneous random effect, corridor random effect, and spatial
correlation effect, respectively. sd denotes the standard deviation.

5.3.3 Model Assessment
̅ ) and Deviance Information Criterion (DIC) are used for model
Posterior mean deviance (𝐷
̅ can be thought as a measure of fit or ‘adequacy’. DIC was
comparison and evaluation. The 𝐷
proposed by Spiegelhalter et al. (2002) to account for the model complexity. The DIC is defined
as:
̅ + 𝑃𝐷
𝐷𝐼𝐶 = 𝐷

(5-11)

̅ is preferred. A
where 𝑃𝐷 is the effective number of parameters, Model with lower DIC and 𝐷
difference of 10 or more points in the DIC is considered significant (Spiegelhalter et al., 2002).

5.4 Modeling Results
Before discussing the results, it should be noted that crash types could be categorized in different
ways. Different crash type categories have been examined to see the best classification system of
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the different crash types. First, there are many crash types in our data, and some crash types were
combined into one meaningful category due to the presence of many crash types and excess of
zeros in some crash types. Also, some crash types (left-turn and angle crashes) should be combined
due to the possibilities of misclassification between these crash types as stated by Wang et al.
(2016). Therefore, the crash types in this study have been categorized as follows: same direction,
angle and turning, opposite direction, non-motorized, other multi-vehicle, and single vehicle
crashes, and an example of a different category for crash types is that rear-end, angle and turning,
sideswipe (same and opposite sideswipes), non-motorized, other multi-vehicle (this includes headon crashes in addition to other rare multi-vehicle crashes), and single vehicle crashes. After
evaluating different categories of crash types by estimating the models and checking the goodnessof-fit, it was found that the used category provides the best fit of the data.

Two models were estimated in this study: 1) Bayesian univariate HPLN CAR joint model; and 2)
Bayesian multivariate HPLN CAR joint model. The two Bayesian models were estimated using
WinBUGS software version 1.4.3. The posterior summaries are obtained via 100,000 iterations,
20,000 of which were discarded as a burn-in sample for each model. The convergence of the model
was assessed by inspecting the kernel density, trace plots, and having the ratios of the Monte Carlo
errors to the standard deviation of the estimates less than 5%.

Tables 5-2 and 5-3 show the coefficient estimates and goodness-of-fit measures for the univariate
and multivariate models, respectively. From the goodness-of-fit measures, it is evident that the
̅
multivariate model outperforms the univariate model since the multivariate model has lower 𝐷
(9354.99 for the multivariate model versus 9433.41 for the univariate model) and DIC values
100

(10271.70 for the multivariate model versus 10595.60 for the univariate model) compared to the
̅ and DIC values
univariate model. The multivariate model clearly has a very significant drop in 𝐷
compared to the univariate model.
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Table 5- 2: Univariate Modeling Results of Crash Counts by Different Types
Variable
Intercept

Int.
Variables

Log (Major
AADT)
Log (Minor
AADT)
Absolute Speed
Limit Diff.
Intersection
Size
Access Points
within int. inf.
Median Width
at Major Road
Log (AADT)

Segment
Variables

Corridor
Variables

Driveway
Density
Median Open.
Density
Intercept
s.d. of distance
bet. Int.
Principal versus
minor arterials

𝜶
̅
𝑫
PD
DIC

Same direction
Mean
95%
(s.d.)
BCI
0.014
(-3.333,
(1.925) 5.325)
0.413
(0.151,
(0.126) 0.647)
0.378
(0.236,
(0.069) 0.506)
-0.039 (-0.053,
(0.007) -0.025)
0.386
(0.164,
(0.114) 0.613)
_

Angle &Turning
Mean
95%
(s.d.)
BCI
0.673
(-1.889,
(1.481) 3.616)
0.426
(0.135,
(0.147) 0.705)
0.338
(0.171,
(0.081) 0.492)
-0.033
(-0.050,
(0.008) -0.016)
_

_

_

0.702
(0.164)
0.015
(0.002)

(0.340,
1.074)
(0.010,
0.019)
_

- 5.341 (-9.173,
(1.703) -2.185)
0.984# (-0.139,
(0.584) 2.154)
0.472
(0.013,
(0.236) 0.929)
0.473
(0.317,
(0.071) 0.605)
9433.41
1162.22
10595.60

0.047
(0.019)

Opposite direction
Mean
95%
(s.d.)
BCI
8.429
(-3.009,
(5.726)
19.60)
0.767
(0.229,
(0.290)
1.344)
0.412
(0.119,
(0.151)
0.711)
-0.052
(-0.084,
(0.016)
-0.021)
_

(0.009,
0.085)

0.734
(0.165)
0.016
(0.003)
0.064
(0.017)
-6.535
(1.504)
1.019
(0.479)

(0.414,
1.077)
(0.010,
0.021)
(0.031,
0.096)
(-9.665,
-3.644)
(0.100,
1.969)

(0.074,
0.351)

_

_

1.836
(0.573)

(0.708,
2.965)
_
_

-19.29
(6.013)

_
0.220
(0.071)

_

Non-motorized
Mean
95%
(s.d.)
BCI
-1.477 (-6.423,
(2.388) 4.651)
0.605
(0.209,
(0.215) 1.043)
0.277
(0.072,
(0.105) 0.482)
-0.025 (-0.048,
(0.012) -0.002)
0.329
(0.003,
(0.166) 0.656)
_

0.307
(0.179)

# Significant at 90% BCI
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(-30.10,
-8.612)

0.661
(0.275)
0.015
(0.004)
0.083
(0.022)
-6.71
(2.878)

(0.150,
1.210)
(0.005,
0.027)
(0.038,
0.126)
(-12.59,
1.344)

Other MV
Mean
95%
(s.d.)
BCI
0.373
(-4.966,
(2.64)
5.007)
_
0.508
(0.09)
-0.028
(0.01)
0.269#
(0.15)

(0.327,
0.695)
(-0.048,
-0.008)
(-0.032,
0.569)
_

-0.021
(0.008)
0.655
(0.259)
0.017
(0.003)

(-0.037,
-0.006)
(0.089,
1.104)
(0.011,
0.023)

Single Vehicle
Mean
95%
(s.d.)
BCI
6.743
(0.695,
(3.083)
12.63)
0.344#
(-0.05,
(0.222)
0.802)
0.321
(0.098,
(0.117)
0.548)
_
_
-0.058#
(0.031)
-0.016#
(0.010)
1.270
(0.285)
0.014
(0.005)

_
-5.93
(2.684)

(-0.12,
0.003)
(-0.04,
0.003)
(0.734,
1.864)
(0.002,
0.023)
_

(-10.5, 0.116)

-12.79
(2.979)

(-18.9,
-7.167)

_

_

_

_

_

_

_

_

(0.045,
0.722)

0.635
(0.135)

(0.371,
0.871)

0.363
(0.079)

(0.214,
0.524)

0.253
(0.064)

(0.130,
0.382)

Table 5- 3: Multivariate Modeling Results of Crash Counts by Different Types
Variable
Intercept

Int.
Variables

Log (Major
AADT)
Log (Minor
AADT)
Absolute Speed
Limit Diff.
Intersection
Size
Access Points
within int. inf.
Median Width
at Major Road
Log (AADT)

Segment
Variables

Corridor
Variables

Driveway
Density
Median Open.
Density
Intercept
s.d. of distance
bet. Int.
Principal versus
minor arterials

𝜶
̅
𝑫
PD
DIC

Same direction
Mean
95%
(s.d.)
BCI
0.416
(-3.114,
(1.877) 4.305)
0.511
(0.282,
(0.119) 0.765)
0.349
(0.223,
(0.062) 0.470)
-0.041 (-0.055,
(0.007) -0.027)
0.371
(0.153,
(0.112) 0.591)
_

Angle & Turning
Mean
95%
(s.d.)
BCI
-0.364
(-4.348,
(2.122) 4.009)
0.434
(0.174,
(0.133) 0.707)
0.280
(0.126,
(0.077) 0.430)
-0.038
(-0.054,
(0.008) -0.022)
_

_

_

0.814
(0.144)
0.014
(0.002)

(0.544,
1.104)
(0.009,
0.019)
_

-6.386
(1.510)
0.836#
(0.471)
0.463#
(0.236)

(-9.467,
-3.551)
(-0.099,
1.776)
(-0.001,
0.918)
(0.337,
0.525)

0.040
(0.019)

Opposite direction
Mean
95%
(s.d.)
BCI
5.981
(-4.901,
(5.954)
18.73)
0.560
(0.005,
(0.293)
1.142)
0.418
(0.108,
(0.161)
0.743)
-0.061
(-0.096,
(0.018)
-0.027)
_

(0.003,
0.077)

0.601
(0.198)
0.014
(0.003)
0.053
(0.016)
-5.016
(1.825)
0.922
(0.429)

(0.224,
0.986)
(0.008,
0.020)
(0.021,
0.084)
(-9.119,
-1.099)
(0.077,
1.756)

(0.155,
0.313)

_

_

1.425
(0.590)

(0.266,
2.607)
_
_

-15.98
(6.237)

_
0.246
(0.050)

_

Non-motorized
Mean
95%
(s.d.)
BCI
-3.863 (-10.26,
(3.015) 1.57)
0.491
(0.137,
(0.188) 0.867)
0.280
(0.067,
(0.108) 0.492)
-0.034 (-0.058,
(0.012) -0.010)
0.347# (-0.004,
(0.179) 0.699)
_

0.297
(0.075)

# Significant at 90% BCI
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(-28.64,
-3.922)

_
0.013
(0.005)
0.081
(0.023)
-3.309
(2.740)

(0.003,
0.022)
(0.035,
0.125)
(-8.367,
2.149)

Other MV
Mean
95%
(s.d.)
BCI
-0.799 (-6.22,
(2.688) 4.408)
0.320
(0.007,
(0.163) 0.636)
0.464
(0.278,
(0.095) 0.655)
-0.033 (-0.05,
(0.010) -0.013)
0.264# (-0.04,
(0.155) 0.566)
_
-0.018
(0.008)
0.645
(0.221)
0.015
(0.003)

(-0.03,
-0.003)
(0.231,
1.099)
(0.008,
0.021)

Single Vehicle
Mean
95%
(s.d.)
BCI
4.845
(-1.74,
(3.525) 12.00)
0.325# (-0.01,
(0.181) 0.690)
0.298
(0.08,
(0.111) 0.517)
_
_
-0.063
(0.030)
-0.018
(0.009)
1.029
(0.307)
0.011#
(0.006)

_
-5.582
(2.474)

(-0.12, 0.005)
(-0.04, 0.001)
(0.446,
1.691)
(-0.001
,0.021)
_

(-10.5,
-0.86)

-10.25
(3.215)

(-17.2, 4.14)

_

_

_

_

_

_

_

_

(0.158,
0.396)

0.442
(0.070)

(0.307,
0.531)

0.330
(0.075)

(0.185,
0.430)

0.397
(0.057)

(0.281,
0.470)

5.4.1 Interpretation of Explanatory Variables
Tables 5-2 and 5-3 show the coefficient estimates for the univariate and multivariate spatial joint
models, respectively. The significant explanatory variables are different across the different six
crash types. This emphasizes the need for estimating crash models by type instead of estimating a
single total crash model to provide an appropriate countermeasure. Also, the magnitude of the
same independent variable differs across crash types. Likewise, it can be seen that two crash types,
which are same direction and angle and turning crashes, have corridor level variables while the
other crash types do not have any significant corridor variable. Additionally, the magnitude of
parameter estimates is different in the univariate compared to the multivariate model. With respect
to the level of significance, it can be seen that some variables are significant at 90% BCI in the
univariate model and become significant at 95% BCI in the multivariate model and vice versa.
Since the multivariate spatial model outperforms the univariate spatial model and accounts for the
common unobserved factors, the discussion of the significant variables is based on the multivariate
model results.

With respect to significant intersection variables, it was found that the natural log of major AADT
and natural log of minor AADT are significant across all crash types. Natural logs of major and
minor AADT are significant and positively associated with the number of all crash types with
different magnitudes. This means that changes in traffic volume do not affect all crash types
equally. This is consistent with previous studies (Wu et al., 2013; Aguero-Valverde et al., 2016).
Absolute speed limit difference between major and minor roads is significant for all crash types
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except single vehicle crashes. It is negatively associated with number of those crash types with
different magnitudes, and this result is consistent with a previous study (Alarifi et al., 2017).

Large intersections (number of lanes is greater than or equal to 19) are associated with more same
direction, non-motorized, and other MV crashes, and this is consistent with a previous study, which
found that large intersections are associated with more crashes in general (Guo et al., 2010).
Interestingly, the number of access points within the influence area of intersection is associated
with more angle and turning crashes; however, this variable is negatively associated with single
vehicle crashes. Generally, as the number of access points within the influence area of an
intersection increases, the number of total crashes increases (Kim and Washington, 2006; Alarifi
et al., 2017). As the number of access points within the influence area of intersections increases,
this would increase the angle and turning crashes as the drivers enter or exit the access point, but
the number of single vehicle crashes would decrease since it is more likely to hit a car instead of
hitting an object, running off the road, or overturned. Lastly, as the median width of the major road
increases, the number of single vehicle and other multi-vehicle crashes would decrease.

Regarding significant roadway segment variables, it was found that the natural log of AADT is
positively associated with all crash types, except non-motorized crashes. The natural log of AADT
for all crash types is significant at 95% BCI except the one for non-motorized vehicles which is
insignificant. Driveway density is positively associated with all motorized crashes, and this was
also found by previous studies (Eisele and Frawley, 2005; Alarifi et al., 2017). Lastly, median
opening density was positively associated with angle and turning and non-motorized crashes.
Many angle and turning crashes at roadway segments happen at median openings. As the number
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of median openings increases, the non-motorized crashes increase, and this might be due to the
fact that some drivers are turning into the minor roads through median openings without paying
attention to the crossing pedestrian or bicyclists on the minor road.

In terms of significant corridor variables, there are only two statistically significant corridor
variables, which are the standard deviation of distance between intersections and roadway
classification (principal versus minor arterial). Standard deviation of distance between
intersections is positively associated with same direction and angle and turning crashes. This
indicates that irregular signal spacing would increase same direction and angle and tuning crashes
since it cause frequent acceleration and deceleration. This result is consistent with a previous study
by Wang et al. (2014). Lastly, principal arterials are associated with more same direction crashes,
and this may be due to the fact that principal arterials usually have larger traffic volumes and higher
posted speed than minor arterials.

5.4.2 Correlations among Crash Counts of Different Types
Table 5-4 shows the variance-covariance and correlation matrix of heterogeneity effect for the six
crash types. The diagonal in the matrix represents the variance for each crash type; the upper part
of the matrix represents covariance matrix; and the gray cells (lower part of the matrix) represent
correlation matrix. The variances for each crash type in the univariate and multivariate models are
statistically significant. The correlations between crash counts of different types are all significant
and above 0.51 except the correlation between opposite direction crash count and single vehicle
crash count, which is weak (0.266) and insignificant. It means that there are no significant
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unobserved common factors contributing to single vehicle and opposite direction crash counts.
The highest correlation value is for opposite direction and other MV crash counts (0.897). These
highly correlated errors across crash counts of different types are due to the fact that there are
common unobserved factors that are not explained by the variables in the model. Significant
correlations here emphasize the existence of correlations among crash counts of different types at
the individual road entity.
Table 5- 4: Variance-covariance Matrix for Heterogeneity Effect
Crash Type

Same
Angle and
Opposite
NonOther MV
direction
Turning
direction
motorized
Variance Estimates for Univariate Model
0.404 (0.041)
Same
direction
0.531 (0.038)
Angle and
Turning
0.404 (0.181)
Opposite
direction
0.175 (0.113)
Nonmotorized
0.500 (0.061)
Other MV
SV
Covariance-correlation Matrix for Multivariate Model (gray cells indicate correlation matrix)
0.158 (0.032) 0.165 (0.027) 0.134 (0.049) 0.136 (0.035) 0.148 (0.034)
Same
direction
0.796 (0.069) 0.273 (0.038) 0.227 (0.056) 0.192 (0.041) 0.221 (0.036)
Angle and
Turning
0.513 (0.154) 0.667 (0.124) 0.442 (0.141) 0.198 (0.066) 0.320 (0.080)
Opposite
direction
0.805 (0.086) 0.869 (0.065) 0.712 (0.149) 0.182 (0.057) 0.186 (0.048)
Nonmotorized
0.694 (0.095) 0.790 (0.082) 0.897 (0.056) 0.815 (0.101) 0.292 (0.060)
Other MV
0.690 (0.125) 0.619 (0.113) 0.266*(0.198) 0.556 (0.178) 0.519 (0.131)
SV

SV

0.611 (0.065)
0.153 (0.036)
0.181 (0.039)
0.099*(0.074)
0.132 (0.048)
0.158 (0.049)
0.317 (0.075)

Note: Standard Deviations in Parenthesis.
* Insignificant Coefficients at 95% BCI.

Table 5-5 shows the variance-covariance and correlation matrix of between-corridors effect for
the different crash types. Some of the variances for crash counts of a specific type in the univariate
and multivariate models are statistically insignificant, demonstrated by the higher standard
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deviation than mean. This indicates that most of the variation for those crash types was captured
by the heterogeneous and spatial errors. The correlations are all insignificant. As a result, in case
of significant variance and insignificant correlation, we can say that the number of crashes at a
specific road entity from corridor A for a specific crash type is correlated with number of crashes
of the same crash type at different location in corridor B, but is not correlated with number of
crashes of the other crash type at corridor B. In case of insignificant variance and correlation, the
number of crashes at a specific road entity from corridor A for a specific crash type is not correlated
with number of crashes of the same crash type or any crash type at different location in corridor
B.
Table 5- 5: Variance-covariance Matrix for between-Corridors Effect
Crash Type

Same
Angle and
Opposite
NonOther MV
direction
Turning
direction
motorized
Variance Estimates for Univariate Model
0.145* (0.150)
Same
direction
0.099 (0.073)
Angle and
Turning
0.150 (0.135)
Opposite
direction
0.154 (0.145)
Nonmotorized
0.154 (0.123)
Other
MV
SV
Covariance-correlation Matrix for Multivariate Model (gray cells indicate correlation matrix)
0.057 (0.054)
0.007*(0.032) 0.016*(0.045) -0.003*(0.036) 0.009*(0.034)
Same
direction
0.045 (0.042) 0.004*(0.039) 0.007*(0.035)
0.009*(0.029)
Angle and 0.117*(0.425)
Turning
0.197*(0.433)
0.073*(0.442) 0.069*(0.081) -0.004*(0.051) 0.011*(0.040)
Opposite
direction
-0.042*(0.438) 0.104*(0.433) -0.015*(0.45) 0.064*(0.071)
0.006*(0.037)
Nonmotorized
0.123*(0.427)
0.161*(0.414) 0.143*(0.435) 0.083*(0.439)
0.056 (0.049)
Other
MV
0.118*(0.439)
0.020*(0.435) 0.087*(0.453) 0.011*(0.450)
0.007*(0.429)
SV

Note: Standard Deviations in Parenthesis.
* Insignificant Coefficients at 95% BCI.
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SV

0.118 (0.100)
0.010*(0.049)
0.001*(0.044)
0.008*(0.053)
-0.001*(0.051)
0.001*(0.035)
0.064*(0.096)

Table 5-6 shows the variance-covariance and correlation matrix of spatial effect for the six crash
types. The variances for each crash type in the univariate and multivariate models are statistically
significant. The correlations between crash counts of different types are significant and strong
(above 0.54) except five correlations, which are statistically insignificant. These correlations are
single vehicle with same direction crash counts, single vehicle with angle and turning crash counts,
single vehicle with opposite direction crash counts, single vehicle with non-motorized crash
counts, and angle and turning with opposite direction crash counts. Significant variance and
insignificant correlation between two crash types mean that the number of crashes at a specific
road entity for a specific crash type is correlated with the number of crashes of the same crash type
at the adjacent location, but is not correlated with number of crashes of the other crash type at an
adjacent location. The highest correlation value is for same direction and non-motorized crash
counts (0.843). Significant correlations for heterogeneity and spatial effects mean that the
correlations among crash counts of those types exist at individual road entity and between adjacent
road entities.
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Table 5- 6: Variance-covariance Matrix for Spatial Effect
Crash
Same
Angle and
Opposite
NonOther MV
Type
direction
Turning
direction
motorized
Variance Estimates for Univariate Model
0.482 (0.072)
Same
direction
0.181 (0.067)
Angle and
Turning
0.224 (0.119)
Opposite
direction
0.531 (0.098)
Nonmotorized
0.370 (0.089)
Other MV
SV
Covariance-correlation Matrix for Multivariate Model (gray cells indicate correlation matrix)
0.263 (0.073) 0.082 (0.042) 0.153 (0.074)
0.227 (0.076) 0.171 (0.064)
Same
direction
0.658 (0.185) 0.059 (0.028) 0.045*(0.038) 0.084 (0.046) 0.056 (0.027)
Angle and
Turning
0.763 (0.183) 0.481*(0.284) 0.155 (0.091)
0.151 (0.080) 0.139 (0.074)
Opposite
direction
0.843 (0.083) 0.645 (0.194) 0.731 (0.198)
0.277 (0.103) 0.180 (0.072)
Nonmotorized
0.809 (0.122) 0.178 (0.074)
Other MV 0.792 (0.115) 0.543 (0.245) 0.835 (0.122)
0.396*(0.274) 0.329*(0.288) 0.528*(0.270) 0.509*(0.257) 0.661 (0.206)
SV

SV

0.248 (0.071)
0.061* (0.052)
0.024* (0.026)
0.063* (0.048)
0.079* (0.054)
0.085 (0.049)
0.091 (0.044)

Note: Standard Deviations in Parenthesis.
* Insignificant Coefficients at 95% BCI.

The variability explained by the spatial error (𝛼) term range from about 30% for opposite direction
crashes to 45.2% for same direction crashes. Also, the spatial error term for same direction and
non-motorized crashes could capture more of the variability than the other crash types.
5.5 Summary and Conclusions
This study estimates a multivariate spatial joint model to predict the occurrence of same direction,
angle and turning, opposite direction, non-motorized, other MV, and single vehicle crash counts
at intersections and roadway segments simultaneously along urban corridors. It also examines the
correlations among crash counts of different types to evaluate its existence among crashes at
individual road entity and between adjacent road entities. For comparison purposes, a univariate
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spatial joint model is developed. 3 years of crash data for 255 intersections and 220 roadway
segments along 20 corridors from Broward and Orange counties in the state of Florida have been
used for this study.

The results show that the multivariate HPLN spatial joint model provides a better fit of the data
̅ . The correlations
compared to the univariate HPLN spatial joint model as measured by DIC and 𝐷
among the crash counts of different types have been examined. The results prove the existence of
correlations among crash count of the different types at the individual road entity except the
correlation between opposite direction and single vehicle crash counts, which is weak and
insignificant (0.266). Also, the results show the existence of correlations among crash counts of
most types between adjacent road entities. Five out of 15 correlations here turned out to be
insignificant, and they are the correlations between single vehicle with same direction crash counts,
single vehicle with angle and turning crash counts, single vehicle with opposite direction crash
counts, single vehicle with non-motorized crash counts, and angle and turning with opposite
direction crash counts. Therefore, heterogeneity and spatial effects exist for most crash counts of
different types.

Traffic volumes and detailed roadway geometry were collected for the selected intersections,
roadway segments in addition to some corridor information. It was found that the significant
explanatory variables are different across crash counts by different types, which supports the need
for estimating crash counts by type to implement effective countermeasures. Also, it was found
that the natural logs of major and minor AADTs at intersections are significant across all crash
types with different magnitudes. In addition, some variables are significant across most of crash
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types, and they are absolute speed limit difference between major and minor roads at intersections
(insignificant only at single vehicle crash counts), natural log of AADT at roadway segments
(insignificant only at non-motorized crash counts), and driveway density along roadway segments
(insignificant only at opposite direction crash counts). Those five variables significantly affect
road safety along corridor, and policy-makers should account for them. Interestingly, the number
of driveways points within the influence area of intersection variable is associated with more angle
and turning crashes; however, this variable is negatively associated with single vehicle crashes.
This indicates that not all variables always have positive or negative impact on all crash types and
road designers, planners, and managers should carefully identify the optimal number of driveways,
driveways, and median openings as they all affect different crash types by different magnitudes.

Finally, this study contributes to the growing body of research on corridor safety as it provides a
complete understanding of the contributing factors to different crash types at intersections and
roadway segments simultaneously along corridor. There are some limitations and possible future
developments. First, some variables related to signal information are not available, and having
these variables could improve the results of this study. Also, using the formulation of this study to
investigate crash counts by crash types at macroscopic level is suggested since the multivariate
model at the macroscopic level was tested only for crashes by different severity levels and modes.
Lastly, further analyses of crash data to other corridors using multivariate spatial models are
suggested to validate these results and examine the transferability of the estimated model.
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CHAPTER SIX: A MULTIVARIATE MODEL FOR PREDICTING CRASH
COUNTS BY SEVERITY LEVELS AT INTERSECTIONS AND
SEGMENTS ALONG CORRIDORS
6.1 Introduction
As discussed in Chapter 2, the different crash severity levels are associated with different crash
risk factors (Ma and Kockelman, 2006; El-Basyouny and Sayed, 2009b). Therefore, it is crucial to
investigate the associated crash risk factors with the different crash severity levels. However,
estimating a univariate model for each severity level may result in inefficient and biased
parameters because different severity levels may share unobserved or omitted variables (Ma and
Kockelman, 2006; Aguero-Valverde and Jovanis, 2009). As a result, estimating a multivariate
model is important to handle the common unobserved factors and provide more accurate parameter
estimates.

Many studies have investigated the associated crash risk factors with different crash severity levels
using multivariate models (Ma and Kockelman, 2006; Park and Lord, 2007; Ma et al., 2008;
Aguero-Valverde and Jovanis, 2009; Barua et al., 2016). Barua et al. (2014) estimated a
multivariate spatial model for severe and no-injury crashes. They used three years of crash data
for 353 roadway segments from the cities of Richmond and Vancouver, Canada. They have
compared the multivariate model with two independent univariate models and found that the
multivariate model provides a better fit over the univariate models. Wang et al. (2014) have
investigated 161 roadway segments along eight suburban arterials in China. They estimated a
Bayesian multilevel model for total crashes, and they also estimated a bivariate model for
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predicting minor and severe injury crashes. It is the only corridor study, which estimated a bivariate
model, and there is no corridor study that dealt with a multivariate model. Also, the results show
that the significant variables in the total crash model, which is a univariate model, are not as same
as the significant variables in the bivariate model. This emphasizes what was found by previous
studies that the crash risk factors might be different among different crash severity models (ElBasyouny and Sayed, 2009b; Ma and Kockelman, 2006).

In summary, while previous corridor studies have estimated different types of models to predict
total, minor, and severe injury crashes, this study aims to estimate a multivariate hierarchical
spatial joint model, which predicts different crash severity levels for the urban intersections and
roadway segments and identifies the contributing factors for the different severity levels
simultaneously. It also aims to evaluate the correlations of crash frequencies by different crash
severity levels.

6.2 Data Preparation
The data collection and preparation have been described earlier in Chapter 4 as well as the
descriptive statistics of the explanatory variables in the model.

Different crash severity levels have been observed in the data, and they have been categorized into
four categories, property damage only (PDO), minor injury, moderate injury, and fatal injury crash
counts. Table 6-1 presents descriptive statistics of crash counts by different severity levels at the
intersections and roadway segments along the selected corridors.
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Table 6- 1: Summary Statistics of Crash Counts by Different Severity Levels
Severity Level
Intersections

Roadway
Segments

PDO
Minor Injury
Moderate Injury
Fatal Injury
PDO
Minor Injury
Moderate Injury
Fatal Injury

Mean
22.447
10.678
5.690
3.110
10.504
4.686
2.632
1.600

S.d.
26.611
9.369
5.286
4.045
11.706
4.932
2.826
2.034

Min.
0
0
0
0
0
0
0
0

Max.
193
50
36
26
65
21
15
12

6.3 Methodology
A Bayesian multivariate hierarchical spatial joint model is proposed in this study to estimate crash
counts by severity level at intersections and roadway segments along urban corridors. In addition,
the estimation of a univariate model, where the independence of the different crash types is
assumed, is done for comparison purposes. The model specification of the univariate and
multivariate HPLN spatial joint models are well explained in Chapter 5. It should be noted that the
severity levels are four, so the degree of freedom (𝑛) is 4 and 𝑘 is from 1 to 4 representing the
different severity levels.

6.4 Modeling Results
Two Bayesian models were estimated in this study to predict crashes by severity levels. The two
models are Bayesian univariate HPLN spatial joint model and Bayesian multivariate HPLN spatial
joint model. The models were estimated using WinBUGS software version 1.4.3. Each model run
comprises of 100,000 iterations, 20,000 of which were burn-in samples for each model. The
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convergence of the models was checked by inspecting the kernel density plots and making sure
the ratio of the Monte Carlo errors to the standard deviation of the estimates is less than 5%.

Tables 6-2 and 6-3 show the coefficient estimates and goodness-of-fit measures for the univariate
and multivariate models, respectively. From the goodness-of-fit measures, it is evident that the
̅
multivariate model outperforms the univariate model since the multivariate model has lower 𝐷
(7581.64 for the multivariate model versus 7715.20 for the univariate model) and DIC values
(8278.82 for the multivariate model versus 8581.51 for the univariate model) compared to the
̅ and DIC compared to the
univariate model. The multivariate model clearly has lower values of 𝐷
univariate model.

116

Table 6- 2: Univariate Modeling Results of Crash Counts by Different Severity Levels
Variable
Intercept
Log (Major AADT)
Intersection
Variables

Log (Minor AADT)
Absolute Speed Limit
Difference
Intersection Size
Log (AADT)
Driveway Density

Segment
Variables

Median Opening
Density
Orange
Intercept

Corridor
Variables

Principal arterial
versus minor arterial
Average Segment
Length
Corridor Driveway
Density

𝜶
̅
𝑫
PD
DIC

PDO
Mean
(s.d.)
0.905
(1.991)
0.299
(0.136)
0.377
(0.072)
-0.033
(0.007)
0.269
(0.121)
0.673
(0.168)
0.015
(0.003)
0.029
(0.014)
0.358
(0.125)
- 5.77
(1.766)
0.515
(0.231)
1.736
(0.854)

(0.056, 0.969)

Minor Injury
Mean
95% BCI
(s.d.)
3.185
(0.088, 6.564)
(1.636)
0.448
(0.226, 0.699)
(0.122)
0.371
(0.250, 0.495)
(0.062)
-0.030 (-0.044, -0.017)
(0.007)
0.249
(0.040, 0.458)
(0.107)
1.019
(0.693, 1.370)
(0.169)
0.013
(0.006, 0.018)
(0.003)
0.041
(0.012, 0.070)
(0.015)
0.365
(0.126, 0.604)
(0.122)
-9.786 (-13.44, -6.922)
(1.73)
_

(0.073, 3.387)

_

95% BCI
(-3.236, 4.743)
(0.014, 0.555)
(0.240, 0.521)
(-0.048, -0.018)
(0.031, 0.508)
(0.325, 0.958)
(0.011, 0.019)
(0.002, 0.056)
(0.113, 0.603)
(-8.72, -2.726)

_
0.430
(0.310, 0.544)
(0.060)
7715.20
866.31
8581.51

Moderate Injury
Mean
95% BCI
(s.d.)
1.861
(-2.673, 6.663)
(2.313)
0.454
(0.174, 0.705)
(0.135)
0.276
(0.135, 0.426)
(0.074)
-0.030
(-0.046, -0.014)
(0.008)
0.275
(0.029, 0.520)
(0.125)
0.836
(0.437, 1.278)
(0.213)
0.110
(0.002, 0.018)
(0.004)
0.041
(0.006, 0.076)
(0.017)
_
-8.748
(2.233)
0.423#
(0.241)
1.928
(0.808)

_
0.388
(0.067)

# Significant at 90% BCI
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(0.259,
0.521)

(-13.35, -4.619)
(0.045, 0.897)
(0.349, 3.525)
_

0.369
(0.074)

(0.225, 0.514)

Fatal Injury
Mean
95% BCI
(s.d.)
1.097
(-3.277, 5.706)
(2.279)
0.247# (-0.013, 0.531)
(0.137)
0.623
(0.456, 0.790)
(0.085)
_
_
0.852
(0.217)
0.016
(0.004)
0.070
(0.020)
0.287#
(0.158)
-10.25
(1.259)
0.540
(0.266)
1.787#
(0.952)
0.057
(0.028)
0.540
(0.126)

(0.424, 1.292)
(0.006, 0.024)
(0.030, 0.110)
(-0.024, 0.596)
(-14.82, -5.753)
(0.024, 1.069)
(0.016, 3.70)
(0.002, 0.113)
(0.314, 0.793)

Table 6- 3: Multivariate Modeling Results of Crash Counts by Different Severity Levels
Variable
Intercept
Log (Major AADT)
Intersection
Variables

Log (Minor AADT)
Absolute Speed Limit
Difference
Intersection Size
Log (AADT)
Driveway Density

Segment
Variables

Corridor
Variables

Median Opening
Density
County (Orange
versus Broward)
Intercept
Principal arterial
versus minor arterial
Average Segment
Length
Corridor Driveway
Density

𝜶
̅
𝑫
PD
DIC

PDO
Mean
(s.d.)
-0.043
(1.512)
0.307
(0.124)
0.373
(0.064)
-0.034
(0.007)
0.249
(0.118)
0.585
(0.178)
0.015
(0.002)
0.029
(0.014)
0.392
(0.125)
-4.71
(1.815)
0.545
(0.248)
1.55#
(0.957)

95% BCI
(-2.911, 2.522)
(0.063, 0.552)
(0.249, 0.500)
(-0.049, -0.020)
(0.019, 0.482)
(0.265, 0.931)
(0.010, 0.019)
(0.002, 0.056)
(0.146, 0.637)
(-8.355, -1.848)
(0.048, 1.026)
(-0.362, 3.448)

Minor Injury
Mean
95% BCI
(s.d.)
1.526
(-2.22, 4.39)
(1.793)
0.429
(0.177, 0.641)
(0.124)
0.371
(0.238, 0.502)
(0.067)
-0.032
(-0.046, -0.018)
(0.007)
0.268
(0.050, 0.492)
(0.112)
0.850
(0.514, 1.209)
(0.184)
0.011
(0.004, 0.017)
(0.003)
0.035
(0.005, 0.063)
(0.015)
0.319
(0.067, 0.573)
(0.129)
-8.06
(-11.67, -5.087)
(1.88)
_
1.156#
(0.642)

_
0.373
(0.269, 0.479)
(0.054)
7581.64
697.179
8278.82

(-0.169, 2.319)

Moderate Injury
Mean
95% BCI
(s.d.)
-0.566 (-4.141, 2.624)
(1.981)
0.451
(0.181, 0.737)
(0.141)
0.260
(0.106, 0.408)
(0.076)
-0.034 (-0.051, -0.018)
(0.008)
0.288
(0.032, 0.543)
(0.130)
0.594
(0.256, 1.039)
(0.200)
0.008# (-0.002, 0.016)
(0.004)
0.037
(0.002, 0.067)
(0.018)
_
-5.987
(2.066)
0.471#
(0.248)
1.769#
(0.927)

_
0.336
(0.052)

# Significant at 90% BCI
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(0.238, 0.441)

(-10.88, -3.014)
(-0.015, 0.880)
(-0.115, 3.224)
_

0.304
(0.055)

(0.199, 0.416)

Fatal Injury
Mean
95% BCI
(s.d.)
-1.329 (-5.614, 2.305)
(2.157)
0.458
(0.170, 0.695)
(0.147)
0.573
(0.398, 0.721)
(0.090)
-0.016 (-0.034, -0.001)
(0.009)
_
0.795
(0.205)
0.014
(0.005)
0.061
(0.021)
0.278#
(0.167)
-9.222
(2.178)
0.579
(0.284)
1.690#
(0.814)
0.049#
(0.029)
0.334
(0.062)

(0.365, 1.118)
(0.004, 0.021)
(0.020, 0.095)
(-0.049, 0.553)
(-13.34, -5.625)
(0.025, 1.049)
(-0.019, 3.161)
(-0.008, 0.103)
(0.218, 0.461)

6.4.1 Interpretation of Explanatory Variables
Tables 6-2 and 6-3 show the coefficient estimates for the univariate and multivariate spatial joint
models, respectively. First, it can be seen that there are some differences in the magnitude of
parameter estimates from the univariate to the multivariate model. The significant explanatory
variables are not the same for all crash severity levels. Also, the magnitude of the same independent
variable differs across severity levels. This indicates the importance of estimating crashes by
severity levels. The modeling results show that there are 10, 9, 9, and 10 significant explanatory
variables for PDO, minor, moderate, and fatal injury crashes, respectively. All of the models have
some intersection, roadway segment, and corridor significant variables.

With respect to significant intersection variables, it was found that the natural log of major AADT,
natural log of minor AADT, and absolute speed limit difference between major and minor roads
are significant across all crash types. The natural log of the major and minor AADT are associated
with more crashes with different magnitude, which emphasizes that traffic volume does not affect
all crash severity level equally. Large intersections are associated with more PDO, minor, and
major injury crashes, and this has been discussed in the previous chapter. Absolute speed limit
difference between major and minor roads is negatively associated with the number of all crash
severity levels by different magnitude.

Regarding significant roadway segment variables, it was found that the natural log of AADT is
positively associated with all crash severity levels with different magnitudes. Driveway density
and median opening density are both positively associated with all crash severity levels. Lastly,
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Orange County is associated with more PDO, minor, and fatal injury crashes compared to Broward
County.

In terms of significant corridor variables, there are three corridor variables. Average segment
length for corridors is positively associated with all crash severity levels. Also, principal arterials
are associated with more PDO, moderate, and fatal crash counts compared to minor arterials.
Lastly, as driveway density along corridors increases, the number of fatal crashes would increase.

Lastly, the variability explained by the spatial error (𝛼) value varies from 30.4% for moderate
injury crashes to 37.3% for PDO injury crashes. Therefore, the spatial residual term for the PDO
crashes could capture more of the variability than the other crash severity levels.

6.4.2 Correlations among Crash Counts of Different Severity Levels
Table 6-4 shows the variance-covariance and correlation matrix of heterogeneity effect for crash
counts of the four severity levels. As explained in the previous chapter, the diagonal in the matrix
represents the variance for each crash type; the gray cells (lower part of the matrix) represent the
correlation matrix; and the upper part of the matrix represents the covariance matrix. The variances
for each crash severity level in the univariate and multivariate models are statistically significant.
The correlations between crash counts of the different crash severity levels are all significant and
above 0.65. These high correlated errors across crash counts of the different crash severity levels
are due to the fact that there are common unobserved factors that are not explained by the variables
in the model. This shows the importance of estimating a multivariate model to provide more
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accurate parameter estimates. Significant correlations here emphasize the existence of correlations
among crash counts of different severity levels at the individual road entity. The highest correlation
is for PDO and minor injury crash counts (0.893), and the lowest correlation is for PDO and
moderate injury crash counts (0.656).

Table 6- 4: Variance-covariance Matrix for Heterogeneity Effect
Crash Severity
PDO
Minor Injury
Moderate Injury Fatal Injury
Level
Variance Estimates for Univariate Model
0.205 (0.033)
PDO
0.137 (0.029)
Minor Injury
0.164 (0.041)
Moderate Injury
0.030 (0.026)
Fatal Injury
Covariance-correlation Matrix for Multivariate Model (gray cells indicate correlation matrix)
0.218 (0.034)
0.178 (0.027)
0.137 (0.028)
0.115 (0.028)
PDO
0.893 (0.033)
0.182 (0.030)
0.162 (0.028)
0.117 (0.026)
Minor Injury
0.656 (0.092)
0.844 (0.055)
0.204 (0.041)
0.116 (0.029)
Moderate Injury
0.768 (0.104)
0.847 (0.073)
0.795 (0.096)
0.105 (0.032)
Fatal Injury

Table 6-5 shows the variance-covariance and correlation matrix of between-corridors effect for
crash counts of the four crash severity levels. Some of the variances for crash counts of a specific
severity level in the univariate and multivariate models are statistically insignificant, demonstrated
by the higher standard deviation than mean. This indicates that most of the error was captured by
heterogeneity and spatial effects. The correlations among crash counts of the different severity
levels across corridors are all insignificant. Therefore, we can say that the number of crashes at a
specific road entity from corridor A for a specific crash severity level is correlated with number of
crashes of the same crash severity level at different location in corridor B, but is not correlated
with number of crashes of the other crash severity level at corridor B.
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Table 6- 5: Variance-covariance Matrix for between-Corridors Effect
Crash Severity
PDO
Minor Injury
Moderate Injury Fatal Injury
Level
Variance Estimates for Univariate Model
0.0225*(0.050)
PDO
0.014* (0.027)
Minor Injury
0.018* (0.032)
Moderate Injury
0.026* (0.051)
Fatal Injury
Covariance-correlation Matrix for Multivariate Model (gray cells indicate correlation matrix)
0.059 (0.055)
0.005*(0.030)
0.009*(0.033)
-0.005*(0.027)
PDO
0.065*(0.409)
0.044 (0.036)
0.004*(0.027)
0.008*(0.030)
Minor Injury
0.125*(0.414)
0.076*(0.407)
0.050
(0.045)
0.005*(0.034)
Moderate Injury
-0.067*(0.426)
0.136*(0.407)
0.083*(0.418)
0.054* (0.059)
Fatal Injury

Note: Standard Deviations in Parenthesis.
* Insignificant Coefficients at 95% BCI.

Table 6-6 shows the variance-covariance and correlation matrix of the spatial effect for crash
counts of the four crash severity levels. The variances for each crash type in the univariate and
multivariate models are statistically significant. The correlations here are insignificant for crash
counts of fatal crashes with the other severity level crash counts (PDO, Minor injury, and moderate
injury crash counts). Significant variance and insignificant correlation between crash counts of
two severity levels mean that number of crashes at a specific road entity for a specific crash
severity level is correlated with number of crashes of the same crash severity level at the adjacent
location, but is not correlated with number of crashes of the other crash severity level at an adjacent
location. The highest correlation value is for PDO and minor injury crash counts (0.894).
Significant correlations for heterogeneity and spatial effects mean that the correlations among
crash counts of this severity level exist at individual road entity and between adjacent road entities
with the other severity level.
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Table 6- 6: Variance-covariance Matrix for Spatial Effect
Crash Severity
PDO
Minor Injury
Moderate Injury Fatal Injury
Level
Variance Estimates for Univariate Model
0.186 (0.058)
PDO
0.090 (0.040)
Minor Injury
0.091 (0.041)
Moderate Injury
0.040 (0.037)
Fatal Injury
Covariance-correlation Matrix for Multivariate Model (gray cells indicate correlation matrix)
0.173 (0.056)
0.120 (0.043)
0.075 (0.036)
0.022* (0.031)
PDO
0.894
(0.052)
0.103
(0.037)
0.069
(0.031)
0.027* (0.027)
Minor Injury
0.609 (0.182)
0.725 (0.145)
0.086 (0.035)
0.029* (0.025)
Moderate Injury
0.167*(0.260)
0.284*(0.250)
0.349*(0.248)
0.074 (0.030)
Fatal Injury

Note: Standard Deviations in Parenthesis.
* Insignificant Coefficients at 95% BCI.

6.5 Summary and Conclusions
This study estimates a multivariate spatial joint model to predict crash counts of four severity
levels at intersections and roadway segments simultaneously along urban corridors. It also
examines the correlations at individual road entity, between adjacent road entities, and across
corridors for the four severity levels. It also estimates a univariate spatial joint model for
comparison purposes. A total of 255 intersections and 220 roadway segments along 20 corridors
from Broward and Orange counties in Florida have been used in this study.

The results show that the multivariate HPLN spatial joint model provides a better fit of the data
compared to the univariate HPLN spatial joint model. The correlations between the crash counts
of the different severity levels at an individual location are all significant and above 0.65. These
highly correlated errors across crash counts of different severity levels are due to the fact that there
are common unobserved factors that are not explained by the variables in the model. Also, the
results show the existence of correlations between adjacent road entities for crash counts of all
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severity levels except fatal crash counts. Therefore, heterogeneity and spatial effects exist for crash
counts of all severity levels except fatal crash counts. Lastly, there is no correlation among crash
counts of different severity levels across corridors.

The results show that there are some significant intersection, segment, and corridor related
variables for all crash severity levels. The significant variables are not the same for all crash
severity levels. Also, the magnitude of the same variable differs across the severity levels. This
indicates the importance of estimating crash counts by severity levels. This study contributes to
the growing body of research on corridor safety as it provides a complete understanding of the
contributing factors to crash counts of different severity levels at intersections and roadway
segments simultaneously along corridors.
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CHAPTER SEVEN: CONCLUSIONS
7.1 Summary
In this dissertation, several methodologies were suggested to enhance traffic safety at signalized
intersections and roadway segments along corridors. The main objectives of this research are to 1)
provide a complete understanding of the contributing factors to crashes at roadway segments and
intersections along corridors, 2) incorporate the spatial effect to the proposed model and explore
the effect of different neighboring structures on the proposed hierarchical joint model, and 3)
identify the associated crash risk factors with different crash types and severity levels at roadway
segments and intersections along corridors.

First, a novel methodological approach was proposed to estimate crashes at roadway segments and
intersections simultaneously along corridors. The HPLN joint model includes intersection,
roadway segment, and corridor variables. This model provides a new methodological perspective
for corridor safety studies since roadway segments and intersections are both considered in a joint
model. Therefore, this model provides a better understanding of the risk factors associated with
crashes along corridors and the existing safety problems along corridors.

In addition, the variations in roadway characteristics and/or traffic volumes across corridors have
been addressed using HPLN joint model with random parameters. Moreover, the effect of dividing
corridors into sub-corridors has been examined by comparing models with corridor and subcorridor components. Four Bayesian models have been estimated, and these are HPLN joint model
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with random corridor parameters, HPLN joint model with random sub-corridor parameters, and
HPLN joint models with corridor and sub-corridor random effects terms.

The results show that the HPLN joint model with random sub-corridor parameters provides the
best fit of the data, which indicates the usefulness of dividing corridors into sub-corridors
especially if the variations of the traffic volume and/or roadway characteristics within corridors
are high. Also, accounting for the variations of the variables across corridors/sub-corridors, by
estimating random sub-corridor/corridor parameters models, provides more adequate model
compared to random effect term models.

Secondly, it is crucial to consider the spatial effects in the model, and accounting for it has become
a key element in the development of traffic crash models with close proximity of road entities.
Therefore, the spatial effect has been incorporated into the hierarchical joint model and different
neighboring structures have been explored. A total of 13 HPLN joint models have been estimated,
and the spatial models fall into four main categories, which are adjacency-based, adjacency-route,
distance-order, and distance-based spatial weight features.

The results prove the importance of incorporating the spatial effects since it provides a better fit of
the data compared to the HPLN with corridor random effect model. It also shows that one of the
best models is the adjacency-based first-order model. For intersections, it considers the adjacent
intersections and the feeding roadway segments. Regarding roadway segments, it considers the
adjacent segments and connected intersections. Moreover, the results support the finding that the
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spatial correlation is significantly important between road entities along the same corridor since
one of the best models is the adjacency-route second-order model.

Thirdly, identifying the associated crash risk factors with different crash types at roadway
segments and intersections along corridors have been addressed using multivariate HPLN spatial
joint model. The crash types have been categorized into six types, including same direction (rearend and same direction sideswipe), angle and turning, opposite direction (head-on and opposite
direction sideswipe), non-motorized, other multi-vehicle (MV), and single-vehicle (SV) (hit an
object, run off the road, and overturned) crashes. Two models have been estimated, which are a
multivariate HPLN spatial joint model and a univariate HPLN spatial joint model, and the
correlations of crashes by crash types have also been evaluated.

It was found that the multivariate HPLN spatial joint model provides a better fit of the data
compared to the univariate HPLN spatial joint model. Regarding the correlations among crash
types, it was found that the correlations exist among all crash types at the individual road entity
except the correlation between opposite direction and single vehicle crashes, which is low (0.270)
and insignificant. Also, the results show the existence of correlations among most crash types
between adjacent road entities. It was found that the significant explanatory variables are different
across crash types, and they include exposure measures and some geometric design variables.
Also, parameter estimates’ magnitudes have changed from the univariate model to the multivariate
models.
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Lastly, identifying the associated crash risk factors with different severity levels at roadway
segments and intersections along corridors have been addressed as well by using a multivariate
HPLN spatial joint model. The severity levels have been categorized into four levels, property
damage only, minor injury, moderate injury, and fatal injury crashes. Two models have been
estimated, which are a multivariate HPLN spatial joint model and a univariate HPLN spatial joint
model, and the correlations of crashes by severity levels have been evaluated as well.

The results show that the multivariate HPLN spatial joint model outperforms the univariate HPLN
spatial joint model. Also, the correlations between the crash severity levels at an individual
location are all significant and strong. In addition, the results show the existence of correlations
between adjacent road entities for all crash severity levels except fatal crashes. Lastly, the
magnitude of the same variable differs across the severity levels, and they include traffic volume
and some geometric design variables.

In summary, this dissertation explores the safety at intersections and roadway segments along
corridors using multiple approaches, including examining the effect of accounting for the
variations of variables across corridors, incorporating the spatial effect and exploring different
neighboring structures, and estimating crashes by crash types and severity levels using multivariate
models. Therefore, it provides a complete understanding of the contributing factors to different
crash types and severity levels using appropriate statistical models.
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7.2 Research Implications
The implications from Chapter 3 are as follows: First, the proposed hierarchical joint model
provides a complete understanding of the existing corridor safety problems and the associated risk
factors with crashes at intersections, roadway segments, and corridors in general. Therefore, it is
recommended to use the proposed hierarchical joint model for future corridor safety studies. Also,
it is worth mentioning that the proposed hierarchical joint model could be employed to jointly
model different road entities. In addition, accounting for the variations in the traffic volume and/or
roadway characteristics across homogenous corridors in the model, using random parameters,
proved to enhance the model fit compared to the random effect model. If the variations in the
roadway characteristics and/or traffic volume across locations are high, and it is difficult to divide
current corridor into a reasonable number of homogenous sub-corridors, then accounting for these
variations should be across road entities. Lastly, the road designer, planners, and managers should
carefully analyze the appropriate number of median openings, driveways, and access points within
the influence area of intersections along corridors since they significantly affect crashes at
intersections.

The findings from Chapter 4 provide several implications for researchers. First, incorporating the
spatial effects to the model is important for future corridor safety studies since most of the 12
spatial models outperform the non-spatial random effect model; however, few spatial weight
structures perform worse than or as good as the base non-spatial model. Therefore, choosing the
appropriate spatial weight structure would help in improving the model performance and provide
more accurate parameter estimates. Also, accounting for the spatial effect in corridor studies is
significantly important since it was found that considering the spatial correlation is crucial between
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road entities along the same corridor. Lastly, feeding roadway segments to the intersection of
interest and adjacent intersections are important to be considered in the spatial weight matrix for
intersections. This indicates the importance of the joint model to analyze traffic safety since it
considers intersections and roadway segments in the model.

Chapter 5 carries several implications with respect to corridor safety analysis. First, estimating
crash count models by type instead of estimating single total crash model is important to find
effective countermeasure since the significant explanatory variables and their magnitude are
different across crash types. Second, using multivariate models is important in case of estimating
crash counts by type for two reasons. First, the results show that the correlations at the individual
road entity and between adjacent road entities exist among most crash types, which indicates the
presence of shared unobserved factors across crash types. Second, the multivariate model
outperforms the univariate model. Lastly, road designers and engineers should carefully identify
the optimal number of median openings, driveways, and access points since not all variables have
a positive or negative impact on all crash types.

Lastly, Chapter 6 also provides several implications for researchers. First, the results indicate that
there are common unobserved or omitted factors that are not explained by the variables in the
model since the correlations between all crash severity levels at individual locations are all
significant and strong. This shows the importance of estimating the multivariate model, which
accounts for this issue when estimating crashes for different severity levels. Also, not all crash
severity levels have the same significant variables and magnitude across crash severity levels. This
supports the need for estimating crash models by severity level instead of estimating a single total
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crash model. Lastly, estimating crashes by severity levels or types are both important, and the
existing road problems specify the direction of the study, and the results from the multivariate
model are reliable and accurate and could be used to provide more efficient safety treatments.
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